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Part 1: Introduction
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Context

• Deep Learning: a generic tool to solve high-dimensional tasks. One 
tries to design    and to find the best parameter   so that 

• Earlier and current work: how, why does Deep Learning reach 
spectacular performance?
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D = {(xi, yi)}iN

Large high-dimensional dataset:

<latexit sha1_base64="8gSvXeMzQay4V/JYP8L+GFyzmnA="></latexit>

�(x, ✓) ⇡ y
<latexit sha1_base64="tAzLQ6KaSF45VaVdpCVISMs7Ils="></latexit>

�
<latexit sha1_base64="6AzHLk3a2Pp9CfaKIPUZhgYCHhA="></latexit>

✓
.

• Training foundational models (e.g., ChatGPT) 
is a data-greedy, computationally intensive 
and time-consuming task. 

• Current work: how to maximise resources 
efficiency still with scale? (maximise GPU 
performance, avoiding buying new 
infrastructure)

Ref.: ImageNet Classification with Deep Convolutional Neural Networks. A Krizhevsky et al.



62% + 1-layer

80% AlexNet
70% Patch-DNN

A motivating work 5
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<latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit><latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit><latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit><latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit>

Fix a dictionary of random patches    . D
<latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit><latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit><latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit><latexit sha1_base64="Rb/kpNpYCeioxAjDXIA8A4KhYjk="></latexit>

• "- Is this simply a bag of patches?" 
(Pr. Jean Ponce comment @ Prairie-talks 2021) 

• Two major questions:  

• Too simple. Why, how? (Axis 1) 

• Too long to train, inefficient. 
Scalability? (Axis 2)

45%
2-layer 
CNN

1-layer 
CNN

25%

0.3% Random 

100%
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Spatial 
Average pooling 
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|D| = 2k
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64⇥ 64

/!\ Super 
slow

typically 0.5GB 
per sample

ImageNet Top5 accuracy:

Ref.: Thiry L., Arbel M., Belilovsky E. and EO - The Unreasonable Effectiveness of Patches in 
Deep Convolutional Kernels Methods, ICLR 2021.



Axis 1: Foundations of Geometric  
Deep Learning

• Let      a smooth manifold, and a symmetry group                     .                                                                                                                     
Example: translations for      , rotations for          . 

• The real case: Consider integrable signals  
 
 
and for         , we define the action      on            via 

• Objective: designing                          which allows to provide a 
useful representation of the data? Covariance:                          or 
invariance                    . Example: Convolutions and sum for     . 

• More simply, is there a canonical equivalent of  
convolutions on manifolds? Are there principled architectures?

6
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L2(M) = {x : M ! C,
Z

M
|x(u)|2 du < 1}



Axis 2: More efficient training via 
Asynchronous and Decentralized Models

• Parallelisation is key: Current approach rely on highly connected 
machines/clusters, mostly centralized and highly synchronous which 
require expensive, dedicated hardware. 

• The main parallelisation techniques 
 are model parallelism and  
data-parallelism. 
 

• Can we limit the need for those machines/clusters by aggregating 
distant, multiple resources while speeding-up training, lowering 
electricity consumption, increasing model size and model accuracy? 

• How? theoretical guarantees, asynchrony and decentralization.
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Data-parallelism: 
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Part 2: Contributions to 
this manuscript
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Contribution 1: Specifying representation 
biases for Geometric Deep Learning

OE - Interferometric Graph Transform: a Deep Unsupervised Graph Representation, 
ICML 2020. 

• Developing an algorithm to recover Fourier atoms on flat 
manifolds (e.g, torus). 

Sergeant-Perthuis G., Maier J., Bruna J. and OE - On Non-Linear operators for 

Geometric Deep Learning, NeurIPS 2022. 

• Theorem 1 (extension of [1]): Let                              a regular 
operator, then   

• Theorem 2 (vector fields): Let                                           a 
regular operator, then  

Ref.: [1] Scattering Representations for 
Recognition, Phd Thesis, Joan Bruna
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Contribution 2: Decoupled Greedy 
Learning of Deep Neural Networks

Belilovsky E., Eickenberg M. and OE - Greedy Layerwise Learning Can Scale to ImageNet, 
ICML 2019. 

• Proposing Local criterion to train Deep Neural Networks in a 
layer-wise, competitive manner. 

Belilovsky E., Eickenberg M. and OE - Decoupled Greedy Learning of CNNs, ICML 2020.  

• Developing Decoupled Local procedures for training Deep 
Neural Networks layers in parallel. 

Fournier L., Rivaud, S., Belilovsky E., Eickenberg M. and OE - Can Forward Gradient 
Match Backpropagation?, ICML 2023. 

• Studying more sophisticated Local gradient estimates via 
Forward Gradient.

10

Louis  
Fournier

Dr. Stéphane 
Rivaud

Dr. Michael 
Eickenberg

Pr. Eugene 
Belilovsky



Contribution 3: Asynchronous  
Decentralized algorithms

Nabli A. and OE - DADAO: Decoupled Accelerated Decentralized Asynchronous 
Optimization, ICML 2023. 

• Proposing fast convex asynchronous, decoupled, decentralized 
algorithm. 

Nabli A. and OE - Decentralized Asynchronous Optimization with DADAO allows 
Decoupling and Acceleration, submitted to JMLR. 

• Refining our knowledge of the graph resistance in the context of 
distributed optimization. 

Nabli A., Belilovsky E. and OE - A2CiD2: Accelerating Asynchronous Communication in 
Decentralized Deep Learning, NeurIPS 2023. 

• Reducing the communication rate in the context of 
decentralized training of Deep Neural Networks.
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Part 3: Detailed contributions 
to distributed training 

of Deep Neural Networks
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One word about hardware

• Multiple devices can be aggregated together to collaborate: smartphone, 
gamer computers, … 

• But this applies too for highly connected clusters, can we benefit minor 
fluctuations?
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Ref.: Nvidia website.



Limits of current approaches 
for distributed training of Neural Networks
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module

update

forward

module

update

backward

Ref.:Decoupled Neural Interfaces using 
Synthetic Gradients, Jaderberg et al, 2017

• Not taking in account model nature: Backpropagation 
of Deep Neural Networks has inherent locks (backward, 
update and forward locks) which impedes speed. 

• Synchronous/simultaneous procedures: workers wait 
for each other and execute tasks in a certain order. (can we 
break synchrony, and reduce communications/
computations?)



Objectives: toward a decoupling trick

• Communications & computations of decentralized 
algorithms are typically coupled, which results in much 
undesirable synchronisation and limited potential for 
distributed computations. 

• Objective 1: Decoupling gradient computations & 
communications of back-prop, to allow parallelism, during a 
backpropagation pass. 

• Objective 2: Decoupling parameter communications and 
gradients computations in distributed settings, to maximise 
hardware efficiency (perform as much as you can)
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Alternatives to standard back-prop? 17ref:  

Alternative 1: Direct Feedback Alignment. Alternative 2: Decoupled 
Neural Interfaces

Alternative 3: Delayed Gradients approachesdepth

Ref.: [1] Direct Feedback Alignment Provides Learning in Deep Neural Networks, Nøkland et al 
[2] Decoupled Neural Interfaces using Synthetic Gradients, Jaderberg et al, 2017 

[3] On the Acceleration of Deep Learning Model Parallelism with Staleness, Xu et al. 

https://openaccess.thecvf.com/content_CVPR_2020/papers/Xu_On_the_Acceleration_of_Deep_Learning_Model_Parallelism_With_Staleness_CVPR_2020_paper.pdf
https://arxiv.org/search/stat?searchtype=author&query=N%C3%B8kland,+A


Greedy Learning 18

• A very simple idea in the 
literature for a while… 

• But it was not known to not 
scale!

Auxiliary  
classifier

Frozen layers
Trainable layers

Simply train the CNN layer per layer via supervision…
x
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Let k = depth(DNN) +1
| {z }

trained until convergence
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trained until convergence
<latexit sha1_base64="UMIDY3zLG/ElR4kx/n2tCO6PiaY=">AAACSnichVDLSgMxFM3U97vq0k2wCK7KjAi6LLpxWcHaQltKJnPbhmYyQ3JHrMP4WX6FPyC4E/0Ad+LGtJ2FbQUPBA7n3MvJPX4shUHXfXEKC4tLyyura+sbm1vbO8XdvVsTJZpDjUcy0g2fGZBCQQ0FSmjEGljoS6j7g8uRX78DbUSkbnAYQztkPSW6gjO0UqdYbSUqAO1rxiF9/AdZJ20h3GOKmtm8gCYKhaQ8UjaiB4pDlnWKJbfsjkHniZeTEslR7RTfWkHEkxAUcsmMaXpujO2UaRRcQrbeSgzEjA9YD5qWKhaCaafjyzN6ZJWAdiNtn0I6Vn9vpCw0Zhj6djJk2Dez3kj8y2sm2D1vp0LFCdq7JkHdRFKM6KhGGggNHOXQEsa1sH+lvM9si2jLnkpBMXgYteLNdjBPbk/KnuXXp6XKRd7PKjkgh+SYeOSMVMgVqZIa4eSJvJJ38uE8O5/Ol/M9GS04+c4+mUJh8QcZ+7ni</latexit><latexit sha1_base64="UMIDY3zLG/ElR4kx/n2tCO6PiaY=">AAACSnichVDLSgMxFM3U97vq0k2wCK7KjAi6LLpxWcHaQltKJnPbhmYyQ3JHrMP4WX6FPyC4E/0Ad+LGtJ2FbQUPBA7n3MvJPX4shUHXfXEKC4tLyyura+sbm1vbO8XdvVsTJZpDjUcy0g2fGZBCQQ0FSmjEGljoS6j7g8uRX78DbUSkbnAYQztkPSW6gjO0UqdYbSUqAO1rxiF9/AdZJ20h3GOKmtm8gCYKhaQ8UjaiB4pDlnWKJbfsjkHniZeTEslR7RTfWkHEkxAUcsmMaXpujO2UaRRcQrbeSgzEjA9YD5qWKhaCaafjyzN6ZJWAdiNtn0I6Vn9vpCw0Zhj6djJk2Dez3kj8y2sm2D1vp0LFCdq7JkHdRFKM6KhGGggNHOXQEsa1sH+lvM9si2jLnkpBMXgYteLNdjBPbk/KnuXXp6XKRd7PKjkgh+SYeOSMVMgVqZIa4eSJvJJ38uE8O5/Ol/M9GS04+c4+mUJh8QcZ+7ni</latexit><latexit sha1_base64="UMIDY3zLG/ElR4kx/n2tCO6PiaY=">AAACSnichVDLSgMxFM3U97vq0k2wCK7KjAi6LLpxWcHaQltKJnPbhmYyQ3JHrMP4WX6FPyC4E/0Ad+LGtJ2FbQUPBA7n3MvJPX4shUHXfXEKC4tLyyura+sbm1vbO8XdvVsTJZpDjUcy0g2fGZBCQQ0FSmjEGljoS6j7g8uRX78DbUSkbnAYQztkPSW6gjO0UqdYbSUqAO1rxiF9/AdZJ20h3GOKmtm8gCYKhaQ8UjaiB4pDlnWKJbfsjkHniZeTEslR7RTfWkHEkxAUcsmMaXpujO2UaRRcQrbeSgzEjA9YD5qWKhaCaafjyzN6ZJWAdiNtn0I6Vn9vpCw0Zhj6djJk2Dez3kj8y2sm2D1vp0LFCdq7JkHdRFKM6KhGGggNHOXQEsa1sH+lvM9si2jLnkpBMXgYteLNdjBPbk/KnuXXp6XKRd7PKjkgh+SYeOSMVMgVqZIa4eSJvJJ38uE8O5/Ol/M9GS04+c4+mUJh8QcZ+7ni</latexit><latexit sha1_base64="UMIDY3zLG/ElR4kx/n2tCO6PiaY=">AAACSnichVDLSgMxFM3U97vq0k2wCK7KjAi6LLpxWcHaQltKJnPbhmYyQ3JHrMP4WX6FPyC4E/0Ad+LGtJ2FbQUPBA7n3MvJPX4shUHXfXEKC4tLyyura+sbm1vbO8XdvVsTJZpDjUcy0g2fGZBCQQ0FSmjEGljoS6j7g8uRX78DbUSkbnAYQztkPSW6gjO0UqdYbSUqAO1rxiF9/AdZJ20h3GOKmtm8gCYKhaQ8UjaiB4pDlnWKJbfsjkHniZeTEslR7RTfWkHEkxAUcsmMaXpujO2UaRRcQrbeSgzEjA9YD5qWKhaCaafjyzN6ZJWAdiNtn0I6Vn9vpCw0Zhj6djJk2Dez3kj8y2sm2D1vp0LFCdq7JkHdRFKM6KhGGggNHOXQEsa1sH+lvM9si2jLnkpBMXgYteLNdjBPbk/KnuXXp6XKRd7PKjkgh+SYeOSMVMgVqZIa4eSJvJJ38uE8O5/Ol/M9GS04+c4+mUJh8QcZ+7ni</latexit>

DNN

loss

�2(✓2)
<latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit><latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit><latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit><latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit>

DNN

loss

�1(✓1)
<latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit><latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit><latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit><latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit>

DNN

loss

�2(✓2)
<latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit><latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit><latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit><latexit sha1_base64="X9S2It90OhjCV95wNmds22kIpqU=">AAACCnicbZDLSsNAFIYn9VbrLerSTbAIdVOSIuiy6MZlBXuBJoTJdNIMnUzCzEmhhr6Bj+BWH8CduPUlXPsiTtssbOsPBz7+cw7n8AcpZwps+9sobWxube+Udyt7+weHR+bxSUclmSS0TRKeyF6AFeVM0DYw4LSXSorjgNNuMLqb9btjKhVLxCNMUurFeChYyAgGbfmm6bYi5jdqLkQUsN+49M2qXbfnstbBKaCKCrV888cdJCSLqQDCsVJ9x07By7EERjidVtxM0RSTER7SvkaBY6q8fP751LrQzsAKE6lLgDV3/27kOFZqEgd6MsYQqdXezPyv188gvPFyJtIMqCCLQ2HGLUisWQzWgElKgE80YCKZ/tUiEZaYgA5r6Qqw0dNUp+KsZrAOnUbd0fxwVW3eFvmU0Rk6RzXkoGvURPeohdqIoDF6Qa/ozXg23o0P43MxWjKKnVO0JOPrF6KvmkI=</latexit>

DNN

loss

�1(✓1)
<latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit><latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit><latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit><latexit sha1_base64="hD5mjM0Bli21WOiVXJ5BmQbirZI=">AAACCnicbZDLSsNAFIYnXmu9RV26GSxC3ZREBF0W3bisYC/QhDCZTpqhk0mYOSnU0jfwEdzqA7gTt76Ea1/EaZuFbf3hwMd/zuEc/jATXIPjfFtr6xubW9ulnfLu3v7BoX103NJprihr0lSkqhMSzQSXrAkcBOtkipEkFKwdDu6m/faQKc1T+QijjPkJ6UsecUrAWIFte42YB27Vg5gBCdyLwK44NWcmvApuARVUqBHYP14vpXnCJFBBtO66Tgb+mCjgVLBJ2cs1ywgdkD7rGpQkYdofzz6f4HPj9HCUKlMS8Mz9uzEmidajJDSTCYFYL/em5n+9bg7RjT/mMsuBSTo/FOUCQ4qnMeAeV4yCGBkgVHHzK6YxUYSCCWvhCvDB08Sk4i5nsAqty5pr+OGqUr8t8imhU3SGqshF16iO7lEDNRFFQ/SCXtGb9Wy9Wx/W53x0zSp2TtCCrK9fn3qaQA==</latexit>

Belilovsky E., Eickenberg M. and OE - Greedy Layerwise Learning Can Scale to ImageNet, ICML 2019. 
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…x
<latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit><latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit><latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit><latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit> �(x)

<latexit sha1_base64="yPj1Gel0mVagsa/RhNrQlulMSgw=">AAAB/3icbZDLSsNAFIZPvNZ6q7p0EyxC3ZREBF0W3bisYC/QhjKZTtohk0mYORFr6MJHcKsP4E7c+iiufRGnbRa29YeBj/+cwznz+4ngGh3n21pZXVvf2CxsFbd3dvf2SweHTR2nirIGjUWs2j7RTHDJGshRsHaiGIl8wVp+eDOptx6Y0jyW9zhKmBeRgeQBpwSN1erWh7zyeNYrlZ2qM5W9DG4OZchV75V+uv2YphGTSAXRuuM6CXoZUcipYONiN9UsITQkA9YxKEnEtJdNzx3bp8bp20GszJNoT92/ExmJtB5FvumMCA71Ym1i/lfrpBhceRmXSYpM0tmiIBU2xvbk73afK0ZRjAwQqri51aZDoghFk9DcFuTh09ik4i5msAzN86pr+O6iXLvO8ynAMZxABVy4hBrcQh0aQCGEF3iFN+vZerc+rM9Z64qVzxzBnKyvX81glps=</latexit><latexit sha1_base64="yPj1Gel0mVagsa/RhNrQlulMSgw=">AAAB/3icbZDLSsNAFIZPvNZ6q7p0EyxC3ZREBF0W3bisYC/QhjKZTtohk0mYORFr6MJHcKsP4E7c+iiufRGnbRa29YeBj/+cwznz+4ngGh3n21pZXVvf2CxsFbd3dvf2SweHTR2nirIGjUWs2j7RTHDJGshRsHaiGIl8wVp+eDOptx6Y0jyW9zhKmBeRgeQBpwSN1erWh7zyeNYrlZ2qM5W9DG4OZchV75V+uv2YphGTSAXRuuM6CXoZUcipYONiN9UsITQkA9YxKEnEtJdNzx3bp8bp20GszJNoT92/ExmJtB5FvumMCA71Ym1i/lfrpBhceRmXSYpM0tmiIBU2xvbk73afK0ZRjAwQqri51aZDoghFk9DcFuTh09ik4i5msAzN86pr+O6iXLvO8ynAMZxABVy4hBrcQh0aQCGEF3iFN+vZerc+rM9Z64qVzxzBnKyvX81glps=</latexit><latexit sha1_base64="yPj1Gel0mVagsa/RhNrQlulMSgw=">AAAB/3icbZDLSsNAFIZPvNZ6q7p0EyxC3ZREBF0W3bisYC/QhjKZTtohk0mYORFr6MJHcKsP4E7c+iiufRGnbRa29YeBj/+cwznz+4ngGh3n21pZXVvf2CxsFbd3dvf2SweHTR2nirIGjUWs2j7RTHDJGshRsHaiGIl8wVp+eDOptx6Y0jyW9zhKmBeRgeQBpwSN1erWh7zyeNYrlZ2qM5W9DG4OZchV75V+uv2YphGTSAXRuuM6CXoZUcipYONiN9UsITQkA9YxKEnEtJdNzx3bp8bp20GszJNoT92/ExmJtB5FvumMCA71Ym1i/lfrpBhceRmXSYpM0tmiIBU2xvbk73afK0ZRjAwQqri51aZDoghFk9DcFuTh09ik4i5msAzN86pr+O6iXLvO8ynAMZxABVy4hBrcQh0aQCGEF3iFN+vZerc+rM9Z64qVzxzBnKyvX81glps=</latexit><latexit sha1_base64="yPj1Gel0mVagsa/RhNrQlulMSgw=">AAAB/3icbZDLSsNAFIZPvNZ6q7p0EyxC3ZREBF0W3bisYC/QhjKZTtohk0mYORFr6MJHcKsP4E7c+iiufRGnbRa29YeBj/+cwznz+4ngGh3n21pZXVvf2CxsFbd3dvf2SweHTR2nirIGjUWs2j7RTHDJGshRsHaiGIl8wVp+eDOptx6Y0jyW9zhKmBeRgeQBpwSN1erWh7zyeNYrlZ2qM5W9DG4OZchV75V+uv2YphGTSAXRuuM6CXoZUcipYONiN9UsITQkA9YxKEnEtJdNzx3bp8bp20GszJNoT92/ExmJtB5FvumMCA71Ym1i/lfrpBhceRmXSYpM0tmiIBU2xvbk73afK0ZRjAwQqri51aZDoghFk9DcFuTh09ik4i5msAzN86pr+O6iXLvO8ynAMZxABVy4hBrcQh0aQCGEF3iFN+vZerc+rM9Z64qVzxzBnKyvX81glps=</latexit>

synchronous forwards parallel forward parallel backward

NN

loss

NN

loss

NN

loss

Arch/Perf. on ImageNet Top 5

VGG-13 (K=4) 88.0

VGG-13 (K=13) 85.8

VGG-13 (end-to-end) 87.5

VGG-19 (K=4) 89.0

VGG-19 (K=2) 90.2

VGG-19 (end-to-end) 89.7

ResNet-152 (K=2) 92.0

ResNet-152 (end-to-end) 92.1

Block 1 Block 2 Block K

• Principle: split in K slices a 
model, and train it. 

• Each NN is again small 
compared to a block. 

• It scales on ImageNet!

Belilovsky E., Eickenberg M. and OE - Decoupled Greedy Learning of CNNs, ICML 2020.  



Asynchronous DGL

• We unlock: forward, backward and update. 

• Buffers are robust to lags and does not need to be big.
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x
<latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit><latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit><latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit><latexit sha1_base64="XITmdZzRSHUvbPuqN9+ReUSWG1w=">AAAB+XicbZDLSsNAFIZP6q3WW9Wlm8EiuCqJCLosunHZgr1AG8pkOmmHTiZh5kSsoU/gVh/Anbj1aVz7Ik7bLGz1h4GP/5zDOfMHiRQGXffLKaytb2xuFbdLO7t7+wflw6OWiVPNeJPFMtadgBouheJNFCh5J9GcRoHk7WB8O6u3H7g2Ilb3OEm4H9GhEqFgFK3VeOyXK27VnYv8BS+HCuSq98vfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961qGjEjZ/ND52SM+sMSBhr+xSSuft7IqORMZMosJ0RxZFZrc3M/2rdFMNrPxMqSZErtlgUppJgTGa/JgOhOUM5sUCZFvZWwkZUU4Y2m6UtKMZPU5uKt5rBX2hdVD3LjctK7SbPpwgncArn4MEV1OAO6tAEBhye4QVencx5c96dj0VrwclnjmFJzucPDRaUkQ==</latexit>

NN

loss

NN

loss

NN

loss

buffer

buffer buffer

ad-hoc  
replay memory

parallel forward parallel backwardasynchronous forward

�1
<latexit sha1_base64="54yLxF52/Fl4byLe6Ckfk7XudMU=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/qF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7C/lpo=</latexit><latexit sha1_base64="54yLxF52/Fl4byLe6Ckfk7XudMU=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/qF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7C/lpo=</latexit><latexit sha1_base64="54yLxF52/Fl4byLe6Ckfk7XudMU=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/qF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7C/lpo=</latexit><latexit sha1_base64="54yLxF52/Fl4byLe6Ckfk7XudMU=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/qF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7C/lpo=</latexit>

�2
<latexit sha1_base64="J++TZY0KFfP9kJw9yY6XhpgMk0M=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/uF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7JUlps=</latexit><latexit sha1_base64="J++TZY0KFfP9kJw9yY6XhpgMk0M=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/uF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7JUlps=</latexit><latexit sha1_base64="J++TZY0KFfP9kJw9yY6XhpgMk0M=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/uF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7JUlps=</latexit><latexit sha1_base64="J++TZY0KFfP9kJw9yY6XhpgMk0M=">AAAB/nicdVDLSgNBEJyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzPQKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5seAKTPPDyK2srq1v5DcLW9s7u3vF/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t74MvPbd0wqHoU3MImZG5BhyH1OCWip1WuMeN/uF0tm+bxWsZ0KNsumWbVsKyN21TlzsKWVDCW0QKNf/OwNIpoELAQqiFJdy4zBTYkETgWbFnqJYjGhYzJkXU1DEjDlprNrp/hEKwPsR1JXCHim/pxISaDUJPB0Z0BgpH57mfiX103Ar7kpD+MEWEjni/xEYIhw9joecMkoiIkmhEqub8V0RCShoANa2gJ8fD/VqXy/jv8nLbtsaX7tlOoXi3zy6Agdo1NkoSqqoyvUQE1E0S16RE/o2XgwXoxX423emjMWM4doCcb7F7JUlps=</latexit>

�3
<latexit sha1_base64="zwnXHctvRk0u7kTsXCXxsw7Tubg=">AAAB/nicdVDLSgNBEOyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzMwKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5MWdSmeaHkVtZXVvfyG8WtrZ3dveK+wctGSWC0CaJeCQ6HpaUs5A2FVOcdmJBceBx2vbGl5nfvqNCsii8UZOYugEehsxnBCsttXqNEeuf9Ysls3xeq9hOBZll06xatpURu+qcOcjSSoYSLNDoFz97g4gkAQ0V4VjKrmXGyk2xUIxwOi30EkljTMZ4SLuahjig0k1n107RiVYGyI+ErlChmfpzIsWBlJPA050BViP528vEv7xuovyam7IwThQNyXyRn3CkIpS9jgZMUKL4RBNMBNO3IjLCAhOlA1raotj4fqpT+X4d/U9adtnS/Nop1S8W+eThCI7hFCyoQh2uoAFNIHALj/AEz8aD8WK8Gm/z1pyxmDmEJRjvX7Pplpw=</latexit><latexit sha1_base64="zwnXHctvRk0u7kTsXCXxsw7Tubg=">AAAB/nicdVDLSgNBEOyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzMwKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5MWdSmeaHkVtZXVvfyG8WtrZ3dveK+wctGSWC0CaJeCQ6HpaUs5A2FVOcdmJBceBx2vbGl5nfvqNCsii8UZOYugEehsxnBCsttXqNEeuf9Ysls3xeq9hOBZll06xatpURu+qcOcjSSoYSLNDoFz97g4gkAQ0V4VjKrmXGyk2xUIxwOi30EkljTMZ4SLuahjig0k1n107RiVYGyI+ErlChmfpzIsWBlJPA050BViP528vEv7xuovyam7IwThQNyXyRn3CkIpS9jgZMUKL4RBNMBNO3IjLCAhOlA1raotj4fqpT+X4d/U9adtnS/Nop1S8W+eThCI7hFCyoQh2uoAFNIHALj/AEz8aD8WK8Gm/z1pyxmDmEJRjvX7Pplpw=</latexit><latexit sha1_base64="zwnXHctvRk0u7kTsXCXxsw7Tubg=">AAAB/nicdVDLSgNBEOyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzMwKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5MWdSmeaHkVtZXVvfyG8WtrZ3dveK+wctGSWC0CaJeCQ6HpaUs5A2FVOcdmJBceBx2vbGl5nfvqNCsii8UZOYugEehsxnBCsttXqNEeuf9Ysls3xeq9hOBZll06xatpURu+qcOcjSSoYSLNDoFz97g4gkAQ0V4VjKrmXGyk2xUIxwOi30EkljTMZ4SLuahjig0k1n107RiVYGyI+ErlChmfpzIsWBlJPA050BViP528vEv7xuovyam7IwThQNyXyRn3CkIpS9jgZMUKL4RBNMBNO3IjLCAhOlA1raotj4fqpT+X4d/U9adtnS/Nop1S8W+eThCI7hFCyoQh2uoAFNIHALj/AEz8aD8WK8Gm/z1pyxmDmEJRjvX7Pplpw=</latexit><latexit sha1_base64="zwnXHctvRk0u7kTsXCXxsw7Tubg=">AAAB/nicdVDLSgNBEOyNrxhfUY9eBoPgKeyuSxJvQS8eI5gHJEuYncwmY2YfzMwKcQn4CV71A7yJV3/Fsz/ibBLBiBY0FFXddHd5MWdSmeaHkVtZXVvfyG8WtrZ3dveK+wctGSWC0CaJeCQ6HpaUs5A2FVOcdmJBceBx2vbGl5nfvqNCsii8UZOYugEehsxnBCsttXqNEeuf9Ysls3xeq9hOBZll06xatpURu+qcOcjSSoYSLNDoFz97g4gkAQ0V4VjKrmXGyk2xUIxwOi30EkljTMZ4SLuahjig0k1n107RiVYGyI+ErlChmfpzIsWBlJPA050BViP528vEv7xuovyam7IwThQNyXyRn3CkIpS9jgZMUKL4RBNMBNO3IjLCAhOlA1raotj4fqpT+X4d/U9adtnS/Nop1S8W+eThCI7hFCyoQh2uoAFNIHALj/AEz8aD8WK8Gm/z1pyxmDmEJRjvX7Pplpw=</latexit>



• At a given layer, replace gradient by g obtained from a 
gradient guess G: 
 

• The stationary points can lead to undesirable solutions… 

• We tested a collection of guesses G:

Correcting DGL via Forward Gradient? 21

<latexit sha1_base64="FF4moxGyVsthhXDJAyLQOo4WcWY="></latexit>

g(x) = hrf(x), G(x)iG(x) ⇡ rf(x)

<latexit sha1_base64="Ls5qlUAIu119xdNohxSUnGBlcLM=">AAACHnicbZDPSgMxEMaz/v9v1aOXYBUUseyKqBeh6MVjBdsKbVlm02wNzWaXZFasS1/Ap/ARvOoDeBOvevZFTGsPtvWDwI9vZpjJFyRSGHTdL2dicmp6ZnZufmFxaXllNbe2XjFxqhkvs1jG+iYAw6VQvIwCJb9JNIcokLwatC969eod10bE6ho7CW9E0FIiFAzQWn5u+97PcN/r0jN67yM9oHWOYKGuIJBAw13r7vm5vFtw+6Lj4A0gTwYq+bnvejNmacQVMgnG1Dw3wUYGGgWTvLtQTw1PgLWhxWsWFUTcNLL+b7p0xzpNGsbaPoW07/6dyCAyphMFtjMCvDWjtZ75X62WYnjayIRKUuSK/S4KU0kxpr1oaFNozlB2LADTwt5K2S1oYGgDHNqCov3Qtal4oxmMQ+Ww4B0XvKujfPF8kM8c2SRbZJd45IQUySUpkTJh5JE8kxfy6jw5b8678/HbOuEMZjbIkJzPH26GoYc=</latexit>

xt+1 = xt � ⌘trf(xt)
<latexit sha1_base64="SQkfFYskjpHnMde1IWXRFgEAqO4=">AAACF3icbZDLSgMxFIYz9VbrbdSlCMEiVMQyI6JuhKIblxXsBdoyZNK0Dc1cSM5I6zArn8JHcKsP4E7cunTti5i2s7CtPwS+/OccTvK7oeAKLOvbyCwsLi2vZFdza+sbm1vm9k5VBZGkrEIDEci6SxQT3GcV4CBYPZSMeK5gNbd/M6rXHphUPPDvYRiylke6Pu9wSkBbjrk/cGI4thN8hQcO4BPcZEA0dAv6euSYeatojYXnwU4hj1KVHfOn2Q5o5DEfqCBKNWwrhFZMJHAqWJJrRoqFhPZJlzU0+sRjqhWPv5HgQ+20cSeQ+viAx+7fiZh4Sg09V3d6BHpqtjYy/6s1IuhctmLuhxEwn04WdSKBIcCjTHCbS0ZBDDUQKrl+K6Y9IgkFndzUFuD9x0SnYs9mMA/V06J9XrTvzvKl6zSfLNpDB6iAbHSBSugWlVEFUfSEXtArejOejXfjw/ictGaMdGYXTcn4+gU0/Z7I</latexit>

xt+1 = xt � ⌘tg(xt)replaced with

where

<latexit sha1_base64="9jxtb8rtO8FxLzCawSAGsbE9PXE=">AAACAHicbVDLSgNBEJyNrxhfUY9eBoMQPYRdEfUiBD3oMYJ5QLKG2clsMmR2dpnpFeOSi5/gVT/Am3j1Tzz7I06SPZjEgoaiqpvuLi8SXINtf1uZhcWl5ZXsam5tfWNzK7+9U9NhrCir0lCEquERzQSXrAocBGtEipHAE6zu9a9Gfv2BKc1DeQeDiLkB6Uruc0rASI3r4uP90eGF3c4X7JI9Bp4nTkoKKEWlnf9pdUIaB0wCFUTrpmNH4CZEAaeCDXOtWLOI0D7psqahkgRMu8n43iE+MEoH+6EyJQGP1b8TCQm0HgSe6QwI9PSsNxL/85ox+OduwmUUA5N0ssiPBYYQj57HHa4YBTEwhFDFza2Y9ogiFExEU1uA95+GJhVnNoN5UjsuOacl5/akUL5M88miPbSPishBZ6iMblAFVRFFAr2gV/RmPVvv1of1OWnNWOnMLpqC9fULjeWWag==</latexit>

G(x⇤) = 0
<latexit sha1_base64="6iudWE51K8kPS8+WsEwAaIawozs=">AAACH3icbVDLTgIxFO3gC/GFunTTSEjQGDJjjLoxIbrQJSbySBgkd0oHGjqdSdsxIuEL/Ao/wa1+gDvjlrU/YhlYCHqSm3tyzr257fEizpS27ZGVWlhcWl5Jr2bW1jc2t7LbO1UVxpLQCgl5KOseKMqZoBXNNKf1SFIIPE5rXu9q7NceqFQsFHe6H9FmAB3BfEZAG6mVzbscRIdT7ArwOGC/8Hh/eHB0nTRXJt6F3crm7KKdAP8lzpTk0BTlVvbbbYckDqjQhINSDceOdHMAUjPC6TDjxopGQHrQoQ1DBQRUNQfJd4Y4b5Q29kNpSmicqL83BhAo1Q88MxmA7qp5byz+5zVi7Z83B0xEsaaCTA75Mcc6xONscJtJSjTvGwJEMvNWTLoggWiT4MwVzXpPQ5OKM5/BX1I9LjqnRef2JFe6nOaTRntoHxWQg85QCd2gMqoggp7RK3pD79aL9WF9Wl+T0ZQ13dlFM7BGPyFcod4=</latexit>

hrf(x⇤), G(x⇤)i = 0or

Random unbiased estimate:
<latexit sha1_base64="4oeAaRx82RXQt7SCbxS1Oq1mC50="></latexit>

E[G(x)GT (x)] = I
<latexit sha1_base64="lHLtHBp8yqExQTRiZ/TSQccRmfo="></latexit>

E[G(x)] = 0

<latexit sha1_base64="e2Rw9XBgr2yuk6d6EbLl8uoX1II="></latexit>

G(x) = rf(x0), x0 ⇠ N (0, I)

<latexit sha1_base64="8aW5dZzKpnAYYl30UdxHonnY+js="></latexit>

G(x) = AuxDNN(x, y)

Randomly initialized DNN:

Local Auxiliary (DGL):

and

Fournier L., Rivaud, S., Belilovsky E., Eickenberg M. and OE - Can Forward Gradient Match  
Backpropagation?, ICML 2023. 

Ref.: Scaling Forward Gradient With Local 
Losses, Ren et al.Forward gradient
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Model for  
Decentralized Learning

• Assumption 1: Local data,        and local memory buffer 
available only on a given node. 

• Assumption 2: Only adjacent nodes can communicate.

23

<latexit sha1_base64="0Gt8M9O+bRap/NqLbby2iBjbsAM="></latexit>

fi(x) = `(bi, x
Tai) +

µ

2
kxk2with e.g.,

with    convex in x.
<latexit sha1_base64="ANvjgo42PBXALWeNfjelKY9pP7w=">AAAB/HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKthXaUDbbbbt0swm7E6GG+hO86g/wJl79L579I27aHGzrg4HHezPMzAtiKQy67rdTWFldW98obpa2tnd298r7B00TJZrxBotkpB8CargUijdQoOQPseY0DCRvBaObzG89cm1EpO5xHHM/pAMl+oJRzKQOl7JbrrhVdwqyTLycVCBHvVv+6fQiloRcIZPUmLbnxuinVKNgkk9KncTwmLIRHfC2pYqG3Pjp9NYJObFKj/QjbUshmap/J1IaGjMOA9sZUhyaRS8T//PaCfav/FSoOEGu2GxRP5EEI5I9TnpCc4ZybAllWthbCRtSTRnaeOa2oBg9TWwq3mIGy6R5VvUuqt7deaV2nedThCM4hlPw4BJqcAt1aACDIbzAK7w5z8678+F8zloLTj5zCHNwvn4BSY6V1g==</latexit>

`

<latexit sha1_base64="imkzpYjrAKqXUoSdNPc0lGUkZrg="></latexit>

inf
x2Rd

nX

i=1

fi(x)

<latexit sha1_base64="MwtoUOSJwOdjfg5XL2daW70zxiI=">AAACAnicbVDLTgJBEJzFF+IL9ehlIjHxRHaNUY9ELx4xkUeEDekdZmHC7OxmptcECTc/wat+gDfj1R/x7I84wB4ErKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmAIZLoXgNBUreTDSHKJC8EQxuJn7jkWsjYnWPw4T7EfSUCAUDtNJDW0EggYYd0SmW3LI7BV0mXkZKJEO1U/xpd2OWRlwhk2BMy3MT9EegUTDJx4V2angCbAA93rJUQcSNP5pePKYnVunSMNa2FNKp+ndiBJExwyiwnRFg3yx6E/E/r5VieOWPhEpS5IrNFoWppBjTyfu0KzRnKIeWANPC3kpZHzQwtCHNbUExeBrbVLzFDJZJ/azsXZS9u/NS5TrLJ0+OyDE5JR65JBVyS6qkRhhR5IW8kjfn2Xl3PpzPWWvOyWYOyRycr194BZgh</latexit>

rfi

Objective:

Graph of local losses



Asynchronous model 24

• Operations (computations, communications…) should happen neither 
simultaneously, nor in a specific order. (contrary to global gossips steps; wait 
barriers, …) 

• How can we annotate iterates happening at different place, if there is no order? 
Solution: synchronising clocks!

Node 1

Node 2

<latexit sha1_base64="mxtboXUXywzWwDhPi9XxZlP1SYs=">AAAB+3icbVBNT8JAEJ3iF+IX6tHLRmLiibTGqEeiF48YBUmgIdtlCxu222Z3aoKkP8Gr/gBvxqs/xrN/xAV6EPAlk7y8N5OZeUEihUHX/XYKK6tr6xvFzdLW9s7uXnn/oGniVDPeYLGMdSughkuheAMFSt5KNKdRIPljMLyZ+I9PXBsRqwccJdyPaF+JUDCKVrrHrtctV9yqOwVZJl5OKpCj3i3/dHoxSyOukElqTNtzE/THVKNgkmelTmp4QtmQ9nnbUkUjbvzx9NSMnFilR8JY21JIpurfiTGNjBlFge2MKA7MojcR//PaKYZX/lioJEWu2GxRmEqCMZn8TXpCc4ZyZAllWthbCRtQTRnadOa2oBg+ZzYVbzGDZdI8q3oXVe/uvFK7zvMpwhEcwyl4cAk1uIU6NIBBH17gFd6czHl3PpzPWWvByWcOYQ7O1y83ypU3</latexit>

t1

<latexit sha1_base64="PQsUl35NJaTsmK6D4QImMRsEF3s=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIvgqSRF1GPRi8eK9gPaUDbbTbt0swm7E6GG/ASv+gO8iVd/jGf/iNs2B9v6YODx3gwz8/xYcI2O820V1tY3NreK26Wd3b39g/LhUUtHiaKsSSMRqY5PNBNcsiZyFKwTK0ZCX7C2P76d+u0npjSP5CNOYuaFZCh5wClBIz1gv9YvV5yqM4O9StycVCBHo1/+6Q0imoRMIhVE667rxOilRCGngmWlXqJZTOiYDFnXUElCpr10dmpmnxllYAeRMiXRnql/J1ISaj0JfdMZEhzpZW8q/ud1EwyuvZTLOEEm6XxRkAgbI3v6tz3gilEUE0MIVdzcatMRUYSiSWdhC/Lxc2ZScZczWCWtWtW9rLr3F5X6TZ5PEU7gFM7BhSuowx00oAkUhvACr/BmZda79WF9zlsLVj5zDAuwvn4BOV+VOA==</latexit>

t2

<latexit sha1_base64="CX40pCNJAh2tG172NRUC/fDhZDY=">AAAB/3icbVBNS8NAEJ34WetX1aOXYBE8laSIehGKXjxWsB/QhrDZbtolm03YnQi19OBP8Ko/wJt49ad49o+4bXOwrQ8GHu/NMDMvSAXX6Djf1srq2vrGZmGruL2zu7dfOjhs6iRTlDVoIhLVDohmgkvWQI6CtVPFSBwI1gqi24nfemRK80Q+4DBlXkz6koecEjRSC333Gv2qXyo7FWcKe5m4OSlDjrpf+un2EprFTCIVROuO66TojYhCTgUbF7uZZimhEemzjqGSxEx7o+m5Y/vUKD07TJQpifZU/TsxIrHWwzgwnTHBgV70JuJ/XifD8MobcZlmyCSdLQozYWNiT363e1wximJoCKGKm1ttOiCKUDQJzW1BHj2NTSruYgbLpFmtuBcV9/68XLvJ8ynAMZzAGbhwCTW4gzo0gEIEL/AKb9az9W59WJ+z1hUrnzmCOVhfv89QlqE=</latexit>

t1 = t2

Ref.: A Continuized View 
on Nesterov Acceleration 
for Stochastic Gradient 

Descent and Randomized 
Gossip, Even et al., Best 
paper Neurips 2022!

<latexit sha1_base64="C6VMJ4DkmFOiJLO0H0MK3de4lBM="></latexit>

P(Mij(t+ �)�Mij(t) = 1) = ��ij + o(�)

t

<latexit sha1_base64="ZSNB35DUqefhEEJrjud2eqWDawA=">AAACAnicbVDLSsNAFJ3UV62vqks3g0Wom5KIqMuiGzdCBfvANpTJdNKOnUzCzI1QQ3Z+glv9AHfi1h9x7Y84bbOwrQcuHM65l3vv8SLBNdj2t5VbWl5ZXcuvFzY2t7Z3irt7DR3GirI6DUWoWh7RTHDJ6sBBsFakGAk8wZre8GrsNx+Z0jyUdzCKmBuQvuQ+pwSMdF+46Sb8IS3DcbdYsiv2BHiROBkpoQy1bvGn0wtpHDAJVBCt244dgZsQBZwKlhY6sWYRoUPSZ21DJQmYdpPJxSk+MkoP+6EyJQFP1L8TCQm0HgWe6QwIDPS8Nxb/89ox+BduwmUUA5N0usiPBYYQj9/HPa4YBTEyhFDFza2YDogiFExIM1uAD59Sk4ozn8EiaZxUnLOKc3taql5m+eTRATpEZeSgc1RF16iG6ogiiV7QK3qznq1368P6nLbmrGxmH83A+voF2k+Xvw==</latexit>

Mij(t)

1

2

3

4

…

For             we have
<latexit sha1_base64="PNn7RrnLOAoypewU9cU3hJPg1Tc=">AAACBnicbVDLSsNAFJ3UV62vqks3g0UQhJKIqMuiG5cV7AOatEwmk3boZBJmboQauvcT3OoHuBO3/oZrf8Rpm4VtPXDhcM693HuPnwiuwba/rcLK6tr6RnGztLW9s7tX3j9o6jhVlDVoLGLV9olmgkvWAA6CtRPFSOQL1vKHtxO/9ciU5rF8gFHCvIj0JQ85JWCkbskNmADiQozt7lmvXLGr9hR4mTg5qaAc9V75xw1imkZMAhVE645jJ+BlRAGngo1LbqpZQuiQ9FnHUEkipr1sevUYnxglwGGsTEnAU/XvREYirUeRbzojAgO96E3E/7xOCuG1l3GZpMAknS0KU4HNk5MIcMAVoyBGhhCquLkV0wFRhIIJam4L8OHT2KTiLGawTJrnVeey6txfVGo3eT5FdISO0Sly0BWqoTtURw1EkUIv6BW9Wc/Wu/Vhfc5aC1Y+c4jmYH39AnxKmSk=</latexit>

� ! 0+
Quick reminder on Pointwise Poisson Process:

i ji communicates with j:
Assumption 3: The event that i,j communicate is a Poisson process       with  
intensity      .

<latexit sha1_base64="NSqlpyDS2md9ajCSzaekDnsc7b8=">AAAB/nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxYtQwX5AG8pmu2233WzC7kSooeBP8Ko/wJt49a949o+4aXOwrQ8GHu/NMDPPjwTX6DjfVm5ldW19I79Z2Nre2d0r7h/UdRgrymo0FKFq+kQzwSWrIUfBmpFiJPAFa/ijm9RvPDKleSgfcBwxLyB9yXucEjRS/a6T8OGkUyw5ZWcKe5m4GSlBhmqn+NPuhjQOmEQqiNYt14nQS4hCTgWbFNqxZhGhI9JnLUMlCZj2kum1E/vEKF27FypTEu2p+nciIYHW48A3nQHBgV70UvE/rxVj78pLuIxiZJLOFvViYWNop6/bXa4YRTE2hFDFza02HRBFKJqA5rYgHz2lqbiLGSyT+lnZvSi79+elynWWTx6O4BhOwYVLqMAtVKEGFIbwAq/wZj1b79aH9TlrzVnZzCHMwfr6BfYrlsg=</latexit>

Mij
<latexit sha1_base64="nTM3ke8Zk9JJxu4+FHBbfbHlCNI=">AAACBHicbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUF+4AmlMlk0o6dTMLMRKihWz/BrX6AO3Hrf7j2R5y0WdjWAxcO55zLvRw/4Uxp2/62Siura+sb5c3K1vbO7l51/6Ct4lQS2iIxj2XXx4pyJmhLM81pN5EURz6nHX90k/udRyoVi8W9HifUi/BAsJARrI3kutxEA9zP2MOkX63ZdXsKtEycgtSgQLNf/XGDmKQRFZpwrFTPsRPtZVhqRjidVNxU0QSTER7QnqECR1R52fTnCToxSoDCWJoRGk3VvxsZjpQaR75JRlgP1aKXi/95vVSHV17GRJJqKsjsUJhypGOUF4ACJinRfGwIJpKZXxEZYomJNjXNXdFs9JS34ix2sEzaZ3Xnou7cndca10U/ZTiCYzgFBy6hAbfQhBYQSOAFXuHNerberQ/rcxYtWcXOIczB+voFxCWZdA==</latexit>

�ij
Assumption 4: The event to compute a gradient at node i is a Poisson process 
with intensity 1.

<latexit sha1_base64="mSTUjVAXuHyVsMBTWE6J6m+BFJk=">AAAB+3icbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxZNUtB/QhrLZbtqlm03YnQg15Cd41R/gTbz6Yzz7R9y2OdjWBwOP92aYmefHgmt0nG+rsLK6tr5R3Cxtbe/s7pX3D5o6ShRlDRqJSLV9opngkjWQo2DtWDES+oK1/NHNxG89MaV5JB9xHDMvJAPJA04JGunhrsd75YpTdaawl4mbkwrkqPfKP91+RJOQSaSCaN1xnRi9lCjkVLCs1E00iwkdkQHrGCpJyLSXTk/N7BOj9O0gUqYk2lP170RKQq3HoW86Q4JDvehNxP+8ToLBlZdyGSfIJJ0tChJhY2RP/rb7XDGKYmwIoYqbW206JIpQNOnMbUE+es5MKu5iBsukeVZ1L6ru/Xmldp3nU4QjOIZTcOESanALdWgAhQG8wCu8WZn1bn1Yn7PWgpXPHMIcrK9fU/iVSQ==</latexit>

Ni
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<latexit sha1_base64="GsBe8p87PHee7if28Nn5SVx9VUk="></latexit>

⇤ =
X

(i,j)2E

�ij(ei � ej)(ei � ej)
TDefine a (weighted) graph Laplacian via:

A great quantity to model 
latency

<latexit sha1_base64="ZgKg7XY56qPAbL+E5cJC5/QL8H4=">AAACF3icbVDLSsNAFJ3UV62vqEsRgkVwVRIRdSMU3bisYh/QhDCZTNqxk0mYmQg1ZOVX+Alu9QPciVuXrv0RJ2kWtvXAwOGce7h3jhdTIqRpfmuVhcWl5ZXqam1tfWNzS9/e6Ygo4Qi3UUQj3vOgwJQw3JZEUtyLOYahR3HXG13lfvcBc0EidifHMXZCOGAkIAhKJbn6/q2bkvvswg44RKmVpTZVYR8WaubqdbNhFjDmiVWSOijRcvUf249QEmImEYVC9C0zlk4KuSSI4qxmJwLHEI3gAPcVZTDEwkmLb2TGoVJ8I4i4ekwahfo3kcJQiHHoqckQyqGY9XLxP6+fyODcSQmLE4kZmiwKEmrIyMg7MXzCMZJ0rAhEnKhbDTSEqhCpmpvaIsnoMW/Fmu1gnnSOG9Zpw7o5qTcvy36qYA8cgCNggTPQBNegBdoAgSfwAl7Bm/asvWsf2udktKKVmV0wBe3rFweQoSE=</latexit>

Rij =
1

�ij

<latexit sha1_base64="KyYFg8Z5vkw9lcZ2gAXr8Yeesh8="></latexit>

�ij , 1

2
(ei � ej)

T⇤+(ei � ej)Introduce edge-resistance via:

literally "electrical" resistance with

<latexit sha1_base64="pRcSm3ftkFVJBzFmCUIvTWbTpfE="></latexit>

�2 =
1

2
sup

(i,j)2E
(ei � ej)

T⇤+(ei � ej)

Maximal resistance:
<latexit sha1_base64="x91XPcRLspfEvxEDFAv074bRQGw=">AAACKHicbVDLSgMxFM34rO+qSzfBIghCmRFRN0LRjQsXFdoqdOqQSW/b0MzD5EaoQ//Cr/AT3OoHuJNu9UdMHwutHgg5nHMfyQlTKTS67sCZmZ2bX1jMLS2vrK6tb+Q3t2o6MYpDlScyUbch0yBFDFUUKOE2VcCiUMJN2L0Y+jcPoLRI4gr2UmhErB2LluAMrRTkiz7viMA787VJg8yvgUJqxpcv4Z56fXNX8a/swCa7OzBBvuAW3RHoX+JNSIFMUA7yX34z4SaCGLlkWtc9N8VGxhQKLqG/7BsNKeNd1oa6pTGLQDey0b/6dM8qTdpKlD0x0pH6syNjkda9KLSVEcOOnvaG4n9e3WDrtJGJODUIMR8vahlJMaHDkGhTKOAoe5YwroR9K+UdphhHG+WvLSi6j32bijedwV9SOyx6x0Xv+qhQOp/kkyM7ZJfsE4+ckBK5JGVSJZw8kRfySt6cZ+fd+XAG49IZZ9KzTX7B+fwGYUKm2g==</latexit>

�1 = sup
kuk1

uT⇤+u

Inverse of the smallest eigen-value:

<latexit sha1_base64="7DhhzIi7HoePnkT4XSU+4g2cdSA="></latexit>

minimize t1 + t2

subject to
X

i

�ij  u�i,�ij � 0, u � 1

⇤ =
P

ij �ij(ei � ej)(ei � ej)T✓
⇤+ 11T u(ei � ej)

u(ei � ej)T t1

◆
< 0

✓
⇤ I� 1

n11
T

I� 1
n11

T t2(I� 1
n11

T )

◆
< 0

<latexit sha1_base64="Fxm+DiG61Rktzgi7v/RFNg8kfGI="></latexit>

minimize
p

�1(⇤)�2(⇤)

subject to
X

i

�ij  �i,�ij � 0

is equivalent to a collection of SDP
(for (i,j) nodes)

Proposition (informal, from [3]): For some constraints on i-th node’s bandwidth
<latexit sha1_base64="NJGP3vw9OozkUm+EJ0fVqw8uSUw=">AAACAXicbVDLSgMxFM3UV62vqks3wSK4KjMi6rLoxmUF+5B2KJlMpg1NMkNyR6hDV36CW/0Ad+LWL3Htj5i2s7CtBwKHc87l3pwgEdyA6347hZXVtfWN4mZpa3tnd6+8f9A0caopa9BYxLodEMMEV6wBHARrJ5oRGQjWCoY3E7/1yLThsbqHUcJ8SfqKR5wSsNJDV9hoSHq8V664VXcKvEy8nFRQjnqv/NMNY5pKpoAKYkzHcxPwM6KBU8HGpW5qWELokPRZx1JFJDN+Nj14jE+sEuIo1vYpwFP170RGpDEjGdikJDAwi95E/M/rpBBd+RlXSQpM0dmiKBUYYjz5PQ65ZhTEyBJCNbe3YjogmlCwHc1tAT58GttWvMUOlknzrOpdVL2780rtOu+niI7QMTpFHrpENXSL6qiBKJLoBb2iN+fZeXc+nM9ZtODkM4doDs7XLxjnl/Q=</latexit>

�i

We will show our rates will depend on               : can we optimise them?
<latexit sha1_base64="7YWl6qlVHQQeNwHDv2quveDAFAo=">AAACFXicbVC7TsMwFHXKq5RXgLGLRYXEgKqkQsBYwcJYJPqQmihyXKe16jywb5BK1IGv4BNY4QPYECszMz9CkmagLUeydXzOvbrXx40EV2AY31ppZXVtfaO8Wdna3tnd0/cPOiqMJWVtGopQ9lyimOABawMHwXqRZMR3Beu64+vM7z4wqXgY3MEkYrZPhgH3OCWQSo5eteiIO+YpttS9hGT2yu/G1NFrRt3IgZeJWZAaKtBy9B9rENLYZwFQQZTqm0YEdkIkcCrYtGLFikWEjsmQ9VMaEJ8pO8k/McXHqTLAXijTEwDO1b8dCfGVmvhuWukTGKlFLxP/8/oxeJd2woMoBhbQ2SAvFhhCnCWCB1wyCmKSEkIlT3fFdEQkoZDmNjcF+PgxS8VczGCZdBp187xu3p7VmldFPmVURUfoBJnoAjXRDWqhNqLoCb2gV/SmPWvv2of2OSstaUXPIZqD9vULjECfHw==</latexit>

�1,
p
�1�2

<latexit sha1_base64="74bfHvVv0p9EIXkz31RxwbgwHFA=">AAAB/XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY9ELx4xcYEENmR26IUJsw9nZk1wQ/wEr/oB3oxXv8WzP+IAexCwkk4qVd3p7vITwZW27W+rsLK6tr5R3Cxtbe/s7pX3DxoqTiVDl8Uili2fKhQ8QldzLbCVSKShL7DpD28mfvMRpeJxdK9HCXoh7Uc84IxqI7kdgQ+kW67YVXsKskycnFQgR71b/un0YpaGGGkmqFJtx060l1GpORM4LnVShQllQ9rHtqERDVF52fTYMTkxSo8EsTQVaTJV/05kNFRqFPqmM6R6oBa9ifif1051cOVlPEpSjRGbLQpSQXRMJp+THpfItBgZQpnk5lbCBlRSpk0+c1s0Hz6NTSrOYgbLpHFWdS6qzt15pXad51OEIziGU3DgEmpwC3VwgQGHF3iFN+vZerc+rM9Za8HKZw5hDtbXL6q3lgU=</latexit>

<latexit sha1_base64="FDwu2XfS8z84HtwriysGjFZMV3c="></latexit>

minimize �1(⇤)

subject to
X

i

�ij  �i,�ij � 0
is equivalent to a SDP

Proposition (informal, from [2]): For some constraints on i-th node’s bandwidth
<latexit sha1_base64="NJGP3vw9OozkUm+EJ0fVqw8uSUw=">AAACAXicbVDLSgMxFM3UV62vqks3wSK4KjMi6rLoxmUF+5B2KJlMpg1NMkNyR6hDV36CW/0Ad+LWL3Htj5i2s7CtBwKHc87l3pwgEdyA6347hZXVtfWN4mZpa3tnd6+8f9A0caopa9BYxLodEMMEV6wBHARrJ5oRGQjWCoY3E7/1yLThsbqHUcJ8SfqKR5wSsNJDV9hoSHq8V664VXcKvEy8nFRQjnqv/NMNY5pKpoAKYkzHcxPwM6KBU8HGpW5qWELokPRZx1JFJDN+Nj14jE+sEuIo1vYpwFP170RGpDEjGdikJDAwi95E/M/rpBBd+RlXSQpM0dmiKBUYYjz5PQ65ZhTEyBJCNbe3YjogmlCwHc1tAT58GttWvMUOlknzrOpdVL2780rtOu+niI7QMTpFHrpENXSL6qiBKJLoBb2iN+fZeXc+nM9ZtODkM4doDs7XLxjnl/Q=</latexit>

�i

(for (i,j) nodes)

Ref.: [1] Resistance distance. Klein and Randic. 
[2] Convex Optimization of Graph Laplacian Eigenvalues, Boyd. 

[3] Decentralized Asynchronous Optimization with DADAO allows 
Decoupling and Acceleration, Nabli and O.
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How fast can we compute:         ?
<latexit sha1_base64="FjIg1jp6njM8CskSLk7D3lx7NhY=">AAACEnicbZDLSgMxFIYz9VbrbdSN4CZYBFdlIqJuhKIblxXsBTrjkEkzbWgmMyQZsQ7jU/gIbvUB3IlbX8C1L2J6WdjWHwI//zmHc/IFCWdKO863VVhYXFpeKa6W1tY3Nrfs7Z2GilNJaJ3EPJatACvKmaB1zTSnrURSHAWcNoP+1bDevKdSsVjc6kFCvQh3BQsZwdpEvr3nhhITiAR0VRr5GbtA+Z148Jlvl52KMxKcN2hiymCimm//uJ2YpBEVmnCsVBs5ifYyLDUjnOYlN1U0waSPu7RtrMARVV42+kEOD03SgWEszRMajtK/ExmOlBpEgemMsO6p2dow/K/WTnV47mVMJKmmgowXhSmHOoZDHLDDJCWaD4zBRDJzKyQ9bJBoA21qi2b9x9xQQbMM5k3juIJOK+jmpFy9nPApgn1wAI4AAmegCq5BDdQBAU/gBbyCN+vZerc+rM9xa8GazOyCKVlfv10znfg=</latexit>

1

n

nX

i=1

xi
Ref.: A Continuized View on Nesterov 
Acceleration for Stochastic Gradient 

Descent and Randomized Gossip, Even 
et al., Best paper Neurips 2022!

<latexit sha1_base64="rP0GMVlcNXqFxRF25Wzd4vUqVG4=">AAACIXicbVDLSgNBEJyN73fUo5fBIEbEsCuiXgTRiwcPEYwJ5EXvZGKGzM4uM71iXPIJfoWf4FU/wJt4E4/+iJOYg0ksaCiquqeny4+kMOi6n05qYnJqemZ2bn5hcWl5Jb26dmPCWDNeYKEMdckHw6VQvIACJS9FmkPgS1702+c9v3jHtRGhusZOxKsB3CrRFAzQSvX09n0twV2vS09ovq6y9zWke7QCMmoBrVzadxqwQ61aT2fcnNsHHSfegGTIAPl6+rvSCFkccIVMgjFlz42wmoBGwSTvzldiwyNgbbjlZUsVBNxUk/5BXbpllQZthtqWQtpX/04kEBjTCXzbGQC2zKjXE//zyjE2j6uJUFGMXLHfRc1YUgxpLx3aEJozlB1LgGlh/0pZCzQwtBkObUHRfujaVLzRDMbJzX7OO8x5VweZ07NBPrNkg2ySLPHIETklFyRPCoSRR/JMXsir8+S8Oe/Ox29ryhnMrJMhOF8/e3GilQ==</latexit>

xt+1 = Pn(x
t � ↵⇤)xt

<latexit sha1_base64="37X6tooUfEXmOqW6Gq95IQ9R1bs="></latexit>8
>>><

>>>:

dxt = ↵(x̃t � xt)dt� �
X

(i,j)2E

(ei � ej)(ei � ej)
TxtdMij(t)

dx̃t = ↵(xt � x̃t)dt� �̃
X

(i,j)2E

(ei � ej)(ei � ej)
TxtdMij(t)

<latexit sha1_base64="qtwh/vo8A3Mi+9vqrnpFkRJcKQc="></latexit>

xt+1 = (I� ↵⇤)�xt

Synchronous Asynchronous

Standard

Accelerated

<latexit sha1_base64="FBGDPe4U2merhbIEMmOR9R7123Q="></latexit>

dxt = �1

2

X

(i,j)2E

(ei � ej)(ei � ej)
TxtdMij(t)

<latexit sha1_base64="5LkODmm32tbKsmiAGyh9GD/Gydc=">AAACDXicbVDLSsNAFJ3UV62vaJduBotQNyURUZdFN+6sYGuhCWEynbRDJ5MwMxFiyDf4CW71A9yJW7/BtT/ipM3Cth64cDjnXu7h+DGjUlnWt1FZWV1b36hu1ra2d3b3zP2DnowSgUkXRywSfR9JwignXUUVI/1YEBT6jDz4k+vCf3gkQtKI36s0Jm6IRpwGFCOlJc+sOyFSY4xYdps3HTymnn3imQ2rZU0Bl4ldkgYo0fHMH2cY4SQkXGGGpBzYVqzcDAlFMSN5zUkkiRGeoBEZaMpRSKSbTcPn8FgrQxhEQg9XcKr+vchQKGUa+nqziCoXvUL8zxskKrh0M8rjRBGOZ4+ChEEVwaIJOKSCYMVSTRAWVGeFeIwEwkr3NfdF0clTrluxFztYJr3Tln3esu/OGu2rsp8qOARHoAlscAHa4AZ0QBdgkIIX8ArejGfj3fgwPmerFaO8qYM5GF+/oBeb8g==</latexit>

O(�1)

<latexit sha1_base64="bILoeO3PPNhu3DIeFVpE6yxd1tk=">AAACGnicbVC7TsMwFHV4lvIKMLJYVEhlqZIKAWMFCxtFog+piSLHdVurzgP7BqlEWfkKPoEVPoANsbIw8yO4aQfaciRbR+fcq3vv8WPBFVjWt7G0vLK6tl7YKG5ube/smnv7TRUlkrIGjUQk2z5RTPCQNYCDYO1YMhL4grX84dXYbz0wqXgU3sEoZm5A+iHvcUpAS56JnYDAgBKR3mRlR91LSB064J6d/9XsxDNLVsXKgReJPSUlNEXdM3+cbkSTgIVABVGqY1sxuCmRwKlgWdFJFIsJHZI+62gakoApN80vyfCxVrq4F0n9QsC5+rcjJYFSo8DXleO91bw3Fv/zOgn0LtyUh3ECLKSTQb1EYIjwOBbc5ZJRECNNCJVc74rpgEhCQYc3MwX48DHTqdjzGSySZrVin1Xs29NS7XKaTwEdoiNURjY6RzV0jeqogSh6Qi/oFb0Zz8a78WF8TkqXjGnPAZqB8fULUq2hsw==</latexit>

O(
p
�1�2)

Asynchronous algorithms are provably better than synchronous 
algorithms (and more geometric!)

Standard

Accelerated

Synchronous Asynchronous
<latexit sha1_base64="UF6WuZdpvukicSa7LrxXa2LUcbo=">AAACDXicbVDLSsNAFJ3UV62vaJdugkWom5KIqMuiG3dWsLXQhHIznbRDZ5IwMxFi6Df4CW71A9yJW7/BtT/ipM3Cth64cDjnXu7h+DGjUtn2t1FaWV1b3yhvVra2d3b3zP2DjowSgUkbRywSXR8kYTQkbUUVI91YEOA+Iw/++Dr3Hx6JkDQK71UaE4/DMKQBxaC01DerLgc1wsCy20ndHQLncNI3a3bDnsJaJk5BaqhAq2/+uIMIJ5yECjOQsufYsfIyEIpiRiYVN5EkBjyGIelpGgIn0sum4SfWsVYGVhAJPaGypurfiwy4lCn39WYeVS56ufif10tUcOllNIwTRUI8exQkzFKRlTdhDaggWLFUE8CC6qwWHoEArHRfc18UHT9NdCvOYgfLpHPacM4bzt1ZrXlV9FNGh+gI1ZGDLlAT3aAWaiOMUvSCXtGb8Wy8Gx/G52y1ZBQ3VTQH4+sXBCGcMQ==</latexit>

O(�)

<latexit sha1_base64="HMB2rZkO87f4OyWUSuPIFLAJ650=">AAACFHicbVDLSgNBEJz1GeMr6k0vi0GIl7Aroh6DXrwZwTwgG0LvZJIMmdldZ3qFuCz4FX6CV/0Ab+LVu2d/xMnjYBILGoqqbrq7/EhwjY7zbS0sLi2vrGbWsusbm1vbuZ3dqg5jRVmFhiJUdR80EzxgFeQoWD1SDKQvWM3vXw392gNTmofBHQ4i1pTQDXiHU0AjtXL7ngTsURDJTVrw9L3CxOuClJAet3J5p+iMYM8Td0LyZIJyK/fjtUMaSxYgFaB1w3UibCagkFPB0qwXaxYB7UOXNQwNQDLdTEY/pPaRUdp2J1SmArRH6t+JBKTWA+mbzuHFetYbiv95jRg7F82EB1GMLKDjRZ1Y2Bjaw0DsNleMohgYAlRxc6tNe6CAooltagvy/mNqUnFnM5gn1ZOie1Z0b0/zpctJPhlyQA5JgbjknJTINSmTCqHkibyQV/JmPVvv1of1OW5dsCYze2QK1tcvNk2flQ==</latexit>

O(
p
�)

continuous momentum
<latexit sha1_base64="bxlwfJkIC6Vm/rCtlsVwzWL7cow=">AAACJ3icbVDLSsNAFJ34rPUVdekmWIQWa0mKqMuiG5cV7AOaECbTSTt28mDmRlpDv8Kv8BPc6ge4E12KP+L0sbCtBwbOOfde7p3jxZxJMM0vbWl5ZXVtPbOR3dza3tnV9/brMkoEoTUS8Ug0PSwpZyGtAQNOm7GgOPA4bXi961G98UCFZFF4B4OYOgHuhMxnBIOyXP00b/sCk7TvspO+ez8sF+d0wYYor1RRqYKr58ySOYaxSKwpyaEpqq7+Y7cjkgQ0BMKxlC3LjMFJsQBGOB1m7UTSGJMe7tCWoiEOqHTS8beGxrFy2oYfCfVCMMbu34kUB1IOAk91Bhi6cr42Mv+rtRLwL52UhXECNCSTRX7CDYiMUUZGmwlKgA8UwUQwdatBuljFAirJmS3Aeo9DlYo1n8EiqZdL1nnJuj3LVa6m+WTQITpCeWShC1RBN6iKaoigJ/SCXtGb9qy9ax/a56R1SZvOHKAZaN+/d62mXg==</latexit>

(
xi + xj

2
,
xi + xj

2
) ! (xi, xj)Chebychev polynomial

<latexit sha1_base64="+xaSyYzglNHwChPBMlpV5KVVbNo=">AAACRHicbVBNSwMxEM3W7/pV9eglWARBKLsi6kUQvYh4ULC10K1lNk3b0GR3SWaFWvqf/BX+BMGTgldv4lVMtxVs60DgzXvzmMkLYikMuu6Lk5manpmdm1/ILi4tr6zm1tZLJko040UWyUiXAzBcipAXUaDk5VhzUIHkt0H7rK/f3nNtRBTeYCfmVQXNUDQEA7RULXfhN0EpoMfUL3GN1L+03jr8dn+5u920PfZZS9S8ESltarm8W3DTopPAG4I8GdZVLffu1yOWKB4ik2BMxXNjrHZBo2CS97J+YngMrA1NXrEwBMVNtZv+uUe3LVOnjUjbFyJN2b+OLihjOiqwkwqwZca1PvmfVkmwcVTtijBOkIdssKiRSIoR7QdI60JzhrJjATAt7K2UtUADQxvzyBYU7YeeTcUbz2ASlPYK3kHBu97Pn5wO85knm2SL7BCPHJITck6uSJEw8kieySt5c56cD+fT+RqMZpyhZ4OMlPP9A3nhsVE=</latexit>

� = k⇤kk⇤+k = �1k⇤kIntroduce the spectral gap:

<latexit sha1_base64="74bfHvVv0p9EIXkz31RxwbgwHFA=">AAAB/XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY9ELx4xcYEENmR26IUJsw9nZk1wQ/wEr/oB3oxXv8WzP+IAexCwkk4qVd3p7vITwZW27W+rsLK6tr5R3Cxtbe/s7pX3DxoqTiVDl8Uili2fKhQ8QldzLbCVSKShL7DpD28mfvMRpeJxdK9HCXoh7Uc84IxqI7kdgQ+kW67YVXsKskycnFQgR71b/un0YpaGGGkmqFJtx060l1GpORM4LnVShQllQ9rHtqERDVF52fTYMTkxSo8EsTQVaTJV/05kNFRqFPqmM6R6oBa9ifif1051cOVlPEpSjRGbLQpSQXRMJp+THpfItBgZQpnk5lbCBlRSpk0+c1s0Hz6NTSrOYgbLpHFWdS6qzt15pXad51OEIziGU3DgEmpwC3VwgQGHF3iFN+vZerc+rM9Za8HKZw5hDtbXL6q3lgU=</latexit>

<latexit sha1_base64="74bfHvVv0p9EIXkz31RxwbgwHFA=">AAAB/XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY9ELx4xcYEENmR26IUJsw9nZk1wQ/wEr/oB3oxXv8WzP+IAexCwkk4qVd3p7vITwZW27W+rsLK6tr5R3Cxtbe/s7pX3DxoqTiVDl8Uili2fKhQ8QldzLbCVSKShL7DpD28mfvMRpeJxdK9HCXoh7Uc84IxqI7kdgQ+kW67YVXsKskycnFQgR71b/un0YpaGGGkmqFJtx060l1GpORM4LnVShQllQ9rHtqERDVF52fTYMTkxSo8EsTQVaTJV/05kNFRqFPqmM6R6oBa9ifif1051cOVlPEpSjRGbLQpSQXRMJp+THpfItBgZQpnk5lbCBlRSpk0+c1s0Hz6NTSrOYgbLpHFWdS6qzt15pXad51OEIziGU3DgEmpwC3VwgQGHF3iFN+vZerc+rM9Za8HKZw5hDtbXL6q3lgU=</latexit>
<latexit sha1_base64="74bfHvVv0p9EIXkz31RxwbgwHFA=">AAAB/XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY9ELx4xcYEENmR26IUJsw9nZk1wQ/wEr/oB3oxXv8WzP+IAexCwkk4qVd3p7vITwZW27W+rsLK6tr5R3Cxtbe/s7pX3DxoqTiVDl8Uili2fKhQ8QldzLbCVSKShL7DpD28mfvMRpeJxdK9HCXoh7Uc84IxqI7kdgQ+kW67YVXsKskycnFQgR71b/un0YpaGGGkmqFJtx060l1GpORM4LnVShQllQ9rHtqERDVF52fTYMTkxSo8EsTQVaTJV/05kNFRqFPqmM6R6oBa9ifif1051cOVlPEpSjRGbLQpSQXRMJp+THpfItBgZQpnk5lbCBlRSpk0+c1s0Hz6NTSrOYgbLpHFWdS6qzt15pXad51OEIziGU3DgEmpwC3VwgQGHF3iFN+vZerc+rM9Za8HKZw5hDtbXL6q3lgU=</latexit> 



Combining best of both worlds? 27

• [1] proposed an algorithm based on:
Ref.: [1] Lower Bounds and Optimal Algorithms for 

Smooth and Strongly Convex Decentralized Optimization 
Over Time-Varying Networks, Kovalev et al, 2021 

[2] A Continuized View on Nesterov Acceleration for 
Stochastic Gradient Descent and Randomized Gossip, Even 

et al.

Yet, their dynamic relies on an Error Feedback mechanism (which implies a 
synchronisation between workers) and a synchronous gossip step.

Yet, their dynamic relies on duality and one gradient = one 
communication, which is inefficient.

<latexit sha1_base64="2yrnfpd5INekNJeIHLZ1NWlr5Wk="></latexit>

inf
x2Rn⇥d

sup
y2Rn⇥d

z2Rn⇥d

nX

i=1

fi(xi)�
⌫

2
kxk2 � hx, yi � 1

2⌫
k⇡z + yk2.

<latexit sha1_base64="TaFPBDv7a3nM8Jypgn1xVsTx9Zw="></latexit>8
<

:

rf(x⇤)� ⌫x⇤ � y⇤ = 0
y⇤+⇡z⇤

⌫ + x⇤ = 0
⇡z⇤ + ⇡y⇤ = 0 .

<latexit sha1_base64="tLPwaxuzijsROQF+/sbraJp2ifw="></latexit>

f(x) = (fi(xi))i

<latexit sha1_base64="57H0KMz4LlEWuQtyqQxJaoRaSzc="></latexit>

inf
xi=x

nX

i=1

fi(xi)

•[2] proposed the following dynamic to minimise                   :
<latexit sha1_base64="djjKMDxLM0A/sFzlilHeyJPv1+0="></latexit>

dxi
t =⌘(x̃i

t � xi
t)dt� �

X

j,(ij)2E

(rf⇤
i (xi(t)�rf⇤

j (xj(t))dMij(t) ,

dx̃i
t =⌘(xi

t � x̃i
t)dt� �̃

X

j,(ij)2E

(rf⇤
i (xi(t)�rf⇤

j (xj(t))dMij(t) .

<latexit sha1_base64="57H0KMz4LlEWuQtyqQxJaoRaSzc="></latexit>

inf
xi=x

nX

i=1

fi(xi)

<latexit sha1_base64="SJ8yJijKiIFLVX7d39u4lTn3UAY=">AAACJ3icdVDLSsQwFE19v626dBMcBBUsbUdndCGIblwqOCpMa0kz6UyYNC1JKjOWfoVf4Se41Q9wJ7oUf8RUR1DRAyGHc+7l3nvClFGpbPvFGBoeGR0bn5icmp6ZnZs3FxbPZJIJTBo4YYm4CJEkjHLSUFQxcpEKguKQkfOwe1j651dESJrwU9VPiR+jNqcRxUhpKTA3e5cbHuXQQ6Kt/yjIewHd6xXQk1kc5HTPKS45jAK6pv X1wKzY1u5Ozd12oW3Zdt2t1kri1rfcKnS0UqICBjgOzDevleAsJlxhhqRsOnaq/BwJRTEjxZSXSZIi3EVt0tSUo5hIP/84q4CrWmnBKBH6cQU/1O8dOYql7MehroyR6sjfXin+5TUzFe34OeVppgjHn4OijEGVwDIj2KKCYMX6miAsqN4V4g4SCCud5I8pinavC53K1+nwf3LmWk7Nck62KvsHg3wmwDJYAWvAAXWwD47AMWgADG7AHbgHD8at8Wg8Gc+fpUPGoGcJ/IDx+g4YDKbE</latexit>

x⇤ 2 arg inf
xi=x

nX

i=1

fi(xi)

where for some
<latexit sha1_base64="b/GayNDAGz6ylWrFja4RdU6cpxY=">AAAB/XicdVDLSsNAFJ3UV62vqks3g0VwFZK0tnUjRTcuK5i20IYymU7aoZNJmJkINRQ/wa1+gDtx67e49kectBWs6IELh3Pu5d57/JhRqSzrw8itrK6tb+Q3C1vbO7t7xf2DlowSgYmLIxaJjo8kYZQTV1HFSCcWBIU+I21/fJX57TsiJI34rZrExAvRkNOAYqS05PZ4cmH1iyXLPK9XnTMHWqZl1ZxyNSNOreKUoa2VDCWwQLNf/OwNIpyEhCvMkJRd24qVlyKhKGZkWuglksQIj9GQdDXlKCTSS2fHTuGJVgYwiIQuruBM/TmRolDKSejrzhCpkfztZeJfXjdRQd1LKY8TRTieLwoSBlUEs8/hgAqCFZtogrCg+laIR0ggrHQ+S1sUHd9PdSrfr8P/Scsx7app31RKjctFPnlwBI7BKbBBDTTANWgCF2BAwSN4As/Gg/FivBpv89acsZg5BEsw3r8A9zKWOA==</latexit>

⌫ > 0

is equivalent to
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• Theorem (convergence of DADAO): Under the previous assumptions, 
if            are   -strongly convex and    -smooth, then there exists some 
parameters such that one needs:

<latexit sha1_base64="XOK3e9CoonsR3REiZS+Zg0CSxoI=">AAACCXicdVDLTsJAFJ36RHxQdelmIjHBDWkLAu6IblxiIo8ESDMdpjBhOq0zUxNs+AI/wa1+gDvj1q9w7Y84BUzE6ElucnLOvbn3Hi9iVCrL+jBWVtfWNzYzW9ntnd29nLl/0JJhLDBp4pCFouMhSRjlpKmoYqQTCYICj5G2N75M/fYdEZKG/EZNItIP0JBTn2KktOSauYLv0lM3oT1GbiGfumbeKp7XKs6ZA62iZVWdUiUlTrXslKCtlRR5sEDDNT97gxDHAeEKMyRl17Yi1U+QUBQzMs32YkkihMdoSLqachQQ2U9mh0/hiVYG0A+FLq7gTP05kaBAykng6c4AqZH87aXiX143Vn6tn1AexYpwPF/kxwyqEKYpwAEVBCs20QRhQfWtEI+QQFjprJa2KDq+T1P5fh3+T1pO0a4U7etyvn6xyCcDjsAxKAAbVEEdXIEGaAIMYvAInsCz8WC8GK/G27x1xVjMHIIlGO9f7zSaiw==</latexit>

(fi)in
<latexit sha1_base64="+PbOMNucbd3c+Kgb2zoNBcFSafc=">AAAB+3icdVDLSgMxFM34rPVVdekmWARXw8y0tnVXdOOyon1AO5RMmmlDk8yQZIQ69BPc6ge4E7d+jGt/xExbwYoeuHA4517uvSeIGVXacT6sldW19Y3N3FZ+e2d3b79wcNhSUSIxaeKIRbITIEUYFaSpqWakE0uCeMBIOxhfZX77nkhFI3GnJzHxORoKGlKMtJFuezzpF4qOfVGreOcedGzHqXqlSka8atkrQdcoGYpggUa/8NkbRDjhRGjMkFJd14m1nyKpKWZkmu8lisQIj9GQdA0ViBPlp7NTp/DUKAMYRtKU0HCm/pxIEVdqwgPTyZEeqd9eJv7ldRMd1vyUijjRROD5ojBhUEcw+xsOqCRYs4khCEtqboV4hCTC2qSztEXT8cPUpPL9OvyftDzbrdjuTblYv1zkkwPH4AScARdUQR1cgwZoAgyG4BE8gWdrar1Yr9bbvHXFWswcgSVY71/615W1</latexit>µ

<latexit sha1_base64="k1CavnEJHv5NWn9NgzGsE0n91E0=">AAAB+XicdVDLTgJBEJzFF+IL9ehlIjHxtNldEPBG9OLBAyTySGBDZocBJsw+MtNrghu+wKt+gDfj1a/x7I84C5iI0Uo6qVR1p7vLiwRXYFkfRmZtfWNzK7ud29nd2z/IHx61VBhLypo0FKHseEQxwQPWBA6CdSLJiO8J1vYm16nfvmdS8TC4g2nEXJ+MAj7klICWGrf9fMEyL6tl58LBlmlZFadYTolTKTlFbGslRQEtUe/nP3uDkMY+C4AKolTXtiJwEyKBU8FmuV6sWETohIxYV9OA+Ey5yfzQGT7TygAPQ6krADxXf04kxFdq6nu60ycwVr+9VPzL68YwrLoJD6IYWEAXi4axwBDi9Gs84JJREFNNCJVc34rpmEhCQWezsgX45GGmU/l+Hf9PWo5pl027USrUrpb5ZNEJOkXnyEYVVEM3qI6aiCKGHtETejYS48V4Nd4WrRljOXOMVmC8fwEw3ZSv</latexit>

L

<latexit sha1_base64="kbN3XcfKtFeUCN1SaPaMf9ywdhg="></latexit>8
>>>>>>>>>>>><

>>>>>>>>>>>>:

dxt = ⌘(x̃t � xt)dt� �(rf(xt)� ⌫xt � ỹt) dN(t)

dx̃t = ⌘̃(xt � x̃t)dt� �̃(rf(xt)� ⌫xt � ỹt) dN(t)

dỹt = �✓(yt + zt + ⌫x̃t)dt+ (� + �̃)(rf(xt)� ⌫xt � ỹt)dN(t)

dyt = ↵(ỹt � yt)dt

dzt = ↵(z̃t � zt)dt� �
P

(i,j)2E
(ei � ej)(ei � ej)T(yt + zt)dMij(t)

dz̃t = ↵̃(zt � z̃t)dt� �̃
P

(i,j)2E
(ei � ej)(ei � ej)T(yt + zt)dMij(t) .

<latexit sha1_base64="nbYqs4j6h70Z8MnPoPkmxeuvhTs="></latexit>

N(t) = (Ni(t))iwith

Nabli A. and OE - DADAO: Decoupled Accelerated Decentralized Asynchronous Optimization, ICML 2023. 

<latexit sha1_base64="t6D+pFzLgR3ztre59idYNCwFAWI="></latexit>

n

s
L

µ
log

1

✏

<latexit sha1_base64="5/dxauXS0JoFrGHHdIV83TqymiE="></latexit>

p
�1�2n

s
L

µ
log

1

✏
- Communications: - Gradients:

<latexit sha1_base64="tPqmCA9R7T4WNeMoamw5FiCA93o="></latexit>(
dXt = a1(Xt, Yt)dt+ b1(Xt)dN(t)

dYt = a2(Xt, Yt)dt+
P

(i,j)2E(t) b
ij
2 (Yt)dMij(t) ,

which can be compressed into: : gradients 
: communications

<latexit sha1_base64="EHFG+KwN+LoQHZAESzKQlV2xxiA=">AAAB+3icdVDLSgNBEJz1GeMr6tHLYBA8LbubmMRb0IvHiOYByRJmJ5NkyOyDmV4hLvsJXvUDvIlXP8azP+JsEsGIFjQUVd10d3mR4Aos68NYWV1b39jMbeW3d3b39gsHhy0VxpKyJg1FKDseUUzwgDWBg2CdSDLie4K1vclV5rfvmVQ8DO5gGjHXJ6OADzkloKXbTh/6haJlXtQqzrmDLdOyqk6pkhGnWnZK2NZKhiJaoNEvfPYGIY19FgAVRKmubUXgJkQCp4Kl+V6sWETohIxYV9OA+Ey5yezUFJ9qZYCHodQVAJ6pPycS4is19T3d6RMYq99eJv7ldWMY1tyEB1EMLKDzRcNYYAhx9jcecMkoiKkmhEqub8V0TCShoNNZ2gJ88pDqVL5fx/+TlmPaFdO+KRfrl4t8cugYnaAzZKMqqqNr1EBNRNEIPaIn9GykxovxarzNW1eMxcwRWoLx/gXcspWi</latexit>

Xt

<latexit sha1_base64="AgsH9DrlvCcpNG4bDBu1Bdb57sM=">AAAB+3icdVDLTgJBEJzFF+IL9ehlIjHxtNldEPBG9OIRozwMbMjsMMCE2Udmek2Q7Cd41Q/wZrz6MZ79EWcBEzFaSSeVqu50d3mR4Aos68PIrKyurW9kN3Nb2zu7e/n9g6YKY0lZg4YilG2PKCZ4wBrAQbB2JBnxPcFa3vgy9Vv3TCoeBrcwiZjrk2HAB5wS0NLNXQ96+YJlnlfLzpmDLdOyKk6xnBKnUnKK2NZKigJaoN7Lf3 b7IY19FgAVRKmObUXgTokETgVLct1YsYjQMRmyjqYB8Zlyp7NTE3yilT4ehFJXAHim/pyYEl+pie/pTp/ASP32UvEvrxPDoOpOeRDFwAI6XzSIBYYQp3/jPpeMgphoQqjk+lZMR0QSCjqdpS3Axw+JTuX7dfw/aTqmXTbt61KhdrHIJ4uO0DE6RTaqoBq6QnXUQBQN0SN6Qs9GYrwYr8bbvDVjLGYO0RKM9y/eSZWj</latexit>

Yt

<latexit sha1_base64="EHFG+KwN+LoQHZAESzKQlV2xxiA=">AAAB+3icdVDLSgNBEJz1GeMr6tHLYBA8LbubmMRb0IvHiOYByRJmJ5NkyOyDmV4hLvsJXvUDvIlXP8azP+JsEsGIFjQUVd10d3mR4Aos68NYWV1b39jMbeW3d3b39gsHhy0VxpKyJg1FKDseUUzwgDWBg2CdSDLie4K1vclV5rfvmVQ8DO5gGjHXJ6OADzkloKXbTh/6haJlXtQqzrmDLdOyqk6pkhGnWnZK2NZKhiJaoNEvfPYGIY19FgAVRKmubUXgJkQCp4Kl+V6sWETohIxYV9OA+Ey5yezUFJ9qZYCHodQVAJ6pPycS4is19T3d6RMYq99eJv7ldWMY1tyEB1EMLKDzRcNYYAhx9jcecMkoiKkmhEqub8V0TCShoNNZ2gJ88pDqVL5fx/+TlmPaFdO+KRfrl4t8cugYnaAzZKMqqqNr1EBNRNEIPaIn9GykxovxarzNW1eMxcwRWoLx/gXcspWi</latexit>

Xt
<latexit sha1_base64="AgsH9DrlvCcpNG4bDBu1Bdb57sM=">AAAB+3icdVDLTgJBEJzFF+IL9ehlIjHxtNldEPBG9OIRozwMbMjsMMCE2Udmek2Q7Cd41Q/wZrz6MZ79EWcBEzFaSSeVqu50d3mR4Aos68PIrKyurW9kN3Nb2zu7e/n9g6YKY0lZg4YilG2PKCZ4wBrAQbB2JBnxPcFa3vgy9Vv3TCoeBrcwiZjrk2HAB5wS0NLNXQ96+YJlnlfLzpmDLdOyKk6xnBKnUnKK2NZKigJaoN7Lf3b7IY19FgAVRKmObUXgTokETgVLct1YsYjQMRmyjqYB8Zlyp7NTE3yilT4ehFJXAHim/pyYEl+pie/pTp/ASP32UvEvrxPDoOpOeRDFwAI6XzSIBYYQp3/jPpeMgphoQqjk+lZMR0QSCjqdpS3Axw+JTuX7dfw/aTqmXTbt61KhdrHIJ4uO0DE6RTaqoBq6QnXUQBQN0SN6Qs9GYrwYr8bbvDVjLGYO0RKM9y/eSZWj</latexit>

Yt

Deterministic case: <latexit sha1_base64="afMv518oNkayif4Z0KBJr5c+uNA="></latexit>

p
�|E|

s
L

µ
log

1

✏

<latexit sha1_base64="74bfHvVv0p9EIXkz31RxwbgwHFA=">AAAB/XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY9ELx4xcYEENmR26IUJsw9nZk1wQ/wEr/oB3oxXv8WzP+IAexCwkk4qVd3p7vITwZW27W+rsLK6tr5R3Cxtbe/s7pX3DxoqTiVDl8Uili2fKhQ8QldzLbCVSKShL7DpD28mfvMRpeJxdK9HCXoh7Uc84IxqI7kdgQ+kW67YVXsKskycnFQgR71b/un0YpaGGGkmqFJtx060l1GpORM4LnVShQllQ9rHtqERDVF52fTYMTkxSo8EsTQVaTJV/05kNFRqFPqmM6R6oBa9ifif1051cOVlPEpSjRGbLQpSQXRMJp+THpfItBgZQpnk5lbCBlRSpk0+c1s0Hz6NTSrOYgbLpHFWdS6qzt15pXad51OEIziGU3DgEmpwC3VwgQGHF3iFN+vZerc+rM9Za8HKZw5hDtbXL6q3lgU=</latexit>


- Communications: - Gradients:

<latexit sha1_base64="t6D+pFzLgR3ztre59idYNCwFAWI="></latexit>

n

s
L

µ
log

1

✏
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• The standard dynamic is given by

29

<latexit sha1_base64="VhfhHiwpDxOIW3aR3gpuxWGfzck=">AAACJ3icbVDLTsJAFJ3iC/FVdemmkZhARNISoy6JblxiIo8ECpkOUxyZPjJza8CGr/Ar/AS3+gHujC6NP+IAXQh4kknOOffe3DvHCTmTYJpfWmppeWV1Lb2e2djc2t7Rd/dqMogEoVUS8EA0HCwpZz6tAgNOG6Gg2HM4rTv9q3G9/kCFZIF/C8OQ2h7u+cxlBIOyOvpJruUKTOJBmx0P2vejUmFO51sQ5JQqKJXv6FmzaE5gLBIrIVmUoNLRf1rdgEQe9YFwLGXTMkOwYyyAEU5HmVYkaYhJH/doU1Efe1Ta8eRbI+NIOV3DDYR6PhgT9+9EjD0ph56jOj0Md3K+Njb/qzUjcC/smPlhBNQn00VuxA0IjHFGRpcJSoAPFcFEMHWrQe6wigVUkjNbgPUfRyoVaz6DRVIrFa2zonVzmi1fJvmk0QE6RDlkoXNURteogqqIoCf0gl7Rm/asvWsf2ue0NaUlM/toBtr3L22/plg=</latexit>

(
xi + xj

2
,
xi + xj

2
) ! (xi, xj)

1. Each worker has a copy 
of CIFAR10 and has access 
to the whole dataset 
 
2. Total computations & 
communications are 
constant accros runs

<latexit sha1_base64="WdI5ijhPlS0Wpu5fpTQvzXrUg2I="></latexit>

dxi
t = ��

Z

⌅
rFi(x

i
t, ⇠i) dN

i
t (⇠i)�

1

2

X

j,(i,j)2E

(xi
t � xj

t )dM
ij
t

Ref.: Stochastic gradient push for distributed 
deep learning, Assyrian et al.



Ablation on 64 workers
• Why does the method fail with 64 workers? Hyper-

parameters or communications…?

30



• We consider, for hyper-parameters                , the dynamic given by 

• Very similar to Slowmo [1], except that this technique (provably) works 
in a decentralized context. 

• Note that this dynamic simply needs to double the number of 
parameters (like momentum SGD) and adds no extra 
communication. 

• Theoretical guarantees: for SGD in convex/non-convex, replace the 
connectivity constant     with          .    

ACiD: reducing communication rate 312 2

<latexit sha1_base64="bOUDXOl3TuRxi4HSWiBpR0lzeus=">AAACGXicbVC7SgNBFJ2NrxhfUUsLF4NgIWFXRC2DNpYRzAOSEO5ObpIhM7vLzF0hhpR+hZ9gqx9gJ7ZW1v6Ik0dhEg8M98w593JnThBLYcjzvp3U0vLK6lp6PbOxubW9k93dK5so0RxLPJKRrgZgUIoQSyRIYjXWCCqQWAl6NyO/8oDaiCi8p36MDQWdULQFB7JSM3tYR4LTegeUsgVk3LWFhGzh5NLM5ry8N4a7SPwpybEpis3sT70V8URhSFyCMTXfi6kxAE2CSxxm6onBGHgPOlizNASFpjEYf2ToHlul5bYjbU9I7lj9OzEAZUxfBbZTAXXNvDcS//NqCbWvGgMRxglhyCeL2ol0KXJHqbgtoZGT7FsCXAv7Vpd3QQMnm93MFhK9x6FNxZ/PYJGUz/L+Rd6/O88Vrqf5pNkBO2InzGeXrMBuWZGVGGdP7IW9sjfn2Xl3PpzPSWvKmc7ssxk4X79Ha6En</latexit>

⌘, �,↵, ↵̃
<latexit sha1_base64="RtJdggaYsueCTSiJzigU8uZlg6Y="></latexit>8
>>>><

>>>>:

dxi
t = ⌘(x̃i

t � xi
t)dt� �

Z

⌅
rFi(x

i
t, ⇠i) dN

i
t (⇠i)� ↵

X

j,(i,j)2E

(xi
t � xj

t )dM
ij
t ,

dx̃i
t = ⌘(xi

t � x̃i
t)dt� �

Z

⌅
rFi(x

i
t, ⇠i) dN

i
t (⇠i)� ↵̃

X

j,(i,j)2E

(xi
t � xj

t )dM
ij
t .

<latexit sha1_base64="IVxmAPAF1E9xppSf1nNxiggILvI=">AAAB/nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMegF48RzAOSJcxOJsmY2dllpleIS8BP8Kof4E28+iue/REnyR5MYkFDUdVNd1cQS2HQdb+d3Mrq2vpGfrOwtb2zu1fcP6ibKNGM11gkI90MqOFSKF5DgZI3Y81pGEjeCIY3E7/xyLURkbrHUcz9kPaV6AlG0Ur1NhuIjtcpltyyOwVZJl5GSpCh2in+tLsRS0KukElqTMtzY/RTqlEwyceFdmJ4TNmQ9nnLUkVDbvx0eu2YnFilS3qRtqWQTNW/EykNjRmFge0MKQ7MojcR//NaCfau/FSoOEGu2GxRL5EEIzJ5nXSF5gzlyBLKtLC3EjagmjK0Ac1tQTF8GttUvMUMlkn9rOxdlL2781LlOssnD0dwDKfgwSVU4BaqUAMGD/ACr/DmPDvvzofzOWvNOdnMIczB+foFbJ+WcQ==</latexit>�1
<latexit sha1_base64="wxCczF1/kY1CODrtAyi+Lt6SfEI=">AAACDXicbVDLSsNAFJ3UV62vaJdugkVwVZIi6rLoxmUF+4AmhMl00g6dTOLMjRBDv8FPcKsf4E7c+g2u/RGTNAvbeuBeDufcy70cL+JMgWl+a5W19Y3Nrep2bWd3b/9APzzqqTCWhHZJyEM58LCinAnaBQacDiJJceBx2vemN7nff6RSsVDcQxJRJ8BjwXxGMGSSq9dt9SAhtcmEuVbRWzNXb5hNs4CxSqySNFCJjqv/2KOQxAEVQDhWamiZETgplsAIp7OaHSsaYTLFYzrMqMABVU5aPD8zTjNlZPihzEqAUah/N1IcKJUEXjYZYJioZS8X//OGMfhXTspEFAMVZH7Ij7kBoZEnYYyYpAR4khFMJMt+NcgES0wgy2vhCrDpU56KtZzBKum1mtZF07o7b7Svy3yq6BidoDNkoUvURreog7qIoAS9oFf0pj1r79qH9jkfrWjlTh0tQPv6BVTwnGM=</latexit>p
�1�2

Nabli A., Belilovsky E. and OE - A2CiD2: Accelerating Asynchronous Communication in Decentralized Deep Learning, NeurIPS 2023. 

Ref.: [1] SlowMo: Improving Communication-Efficient 
Distributed SGD with Slow Momentum, Wang et al.



Experiments 32
Training loss: ImageNet+ring graph

Training loss: ImageNet+complete graph
Consensus distance: double VS single

Double VS single communication

?



What about generalisation? 33

CIFAR10

ImageNet

A very efficient implementation 
allows to efficiently run jobs and 

get an actual speed-up.

Adel Nabli 
(PhD student)



Part 4: Conclusions and 
perspectives on distributed 

learning
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Conclusions

• Decoupling, randomising are keys tools to propose 
novel, faster algorithms which use better hardware to train 
Deep Neural Networks. 

• However significant limits remain to practically use 
those algorithms: 

• Lack of practical implementations 

• Applications are restricted to vision task/linear models. 

• Accuracy gaps are significant.

35



Perspectives for Local 
Learning

• Toward swarm of layers: local SGD + local Learning. 

• Alternatives to Greedy Learning, which scale better? 

• Local losses for generative models?

36

Input 
nodes

Output 
node

Communication link
Propagation path



Perspectives for  
Asynchronous Decentralized Learning

• Collaborative training with guarantees? 

• Mitigating the Need for grid search? 

• Filling in this Table of lower bounds for smooth 
strongly convex functions:
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Future? 
Collaborative frameworks for large scale 

machine learning applied to science

• Combining academic resources and non academic 
(e.g., webGPU by apache) to be able to train very large 
models collaboratively on open data (grants submitted). 

• It could be a cornerstone of a broader approach that 
could be applied to science in general: instead of other 
disciplines incorporating AI, AI is being integrated 
into these disciplines. (sabbatical at Flatiron Institute)
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Annex
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Improving distributed training 
 of Deep Neural Networks

40

Strategy 1: Pipelining 
(handling slices of large models) 

Strategy 4: Large batches 
(achieving higher data-parallelism)

Strategy 2: Self-optimizers 
(reducing grid search dependency)

Strategy 5: 
Hogwild! 
(asynchronous 

centralized updates)

Strategy 3: 
Zero-DP 

(shards of model 
weights)

Ref.: [1] GPipe: Efficient Training of Giant Neural Networks 
using Pipeline Parallelism, Huang et al. 

[2] VeLO: Training Versatile Learned Optimizers by Scaling 
Up, Metz et al. 

[3] ZeRO: Memory Optimizations Toward Training Trillion 
Parameter Models, Rajbhandari et al. 

[4] Accurate, Large Minibatch SGD: Training ImageNet in 1 
Hour, Goyal et al. 

[5] Hogwild!: A Lock-Free Approach to Parallelizing 
Stochastic Gradient Descent, Recht et al. 

https://arxiv.org/abs/1706.02677
https://arxiv.org/abs/1706.02677


Convergence guarantees
• Assumption (a): each    is   -strongly convex and L 

smooth: 

• Assumption (b): each    is L smooth and:
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<latexit sha1_base64="yabRsPNns83q2/dqefjorEEd4ho="></latexit>

1

n

nX

i=1

E⇠i [krFi(x, ⇠i)�rfi(x)k2]  �2 and
1

n

nX

i=1

krfi(x
⇤)�rf(x⇤)k2  ⇣2 .

<latexit sha1_base64="QJI6rAUnILlzusGcyDK39N+IFGU="></latexit>

8x 2 Rd,
1

n

nX

i=1

krfi(x)�rf(x)k2  ⇣2 + Pkrf(x)k2 ,
<latexit sha1_base64="w4pypMWFPuAaIua19T2tsI5s+hg="></latexit>

8x1, ..., xn 2 Rd,
1

n

nX

i=1

E⇠ikrFi(xi, ⇠i)�rfi(xi)k2  �2 +
M

n

nX

i=1

krfi(xi)k2 .

and

Here:



Numerical experiments 
(logistic+linear regression)
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Line n=50

Line n=150



Spectrum of well-known 
graphs
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Line/circle Complete

Star-graph
d-connectivity

<latexit sha1_base64="ifId4i6A9sRPNNJorKONC+553tM=">AAACCXicbVDLSsNAFL2pr1ofrbp0M1gEVyURUTdCUQSXFewD2lAm02k7dDIJMxOhpvkCP8GtfoA7cetXuPZHnLRZ2NYDFw7n3Ms9HC/kTGnb/rZyK6tr6xv5zcLW9s5usbS331BBJAmtk4AHsuVhRTkTtK6Z5rQVSop9j9OmN7pJ/eYjlYoF4kGPQ+r6eCBYnxGsjdQtFScdH+shwTy+TSZXRinbFXsKtEycjJQhQ61b+un0AhL5VGjCsVJtxw61G2OpGeE0KXQiRUNMRnhA24YK7FPlxtPgCTo2Sg/1A2lGaDRV/17E2Fdq7HtmM02pFr1U/M9rR7p/6cZMhJGmgswe9SOOdIDSFlCPSUo0HxuCiWQmKyJDLDHRpqu5L5qNnhLTirPYwTJpnFac84pzf1auXmf95OEQjuAEHLiAKtxBDepAIIIXeIU369l6tz6sz9lqzspuDmAO1tcvneCa8g==</latexit>

|E| = n

<latexit sha1_base64="jXobMrpCtRXtC1QazWlg8uXBCqA=">AAACAnicbVBNS8NAEJ34WetX1aOXYBE8laSIehGKXjxWsB/YxrLZbtqlm03YnQg19OZP8Ko/wJt49Y949o+4bXOwrQ8GHu/NMDPPjwXX6Djf1tLyyuraem4jv7m1vbNb2Nuv6yhRlNVoJCLV9IlmgktWQ46CNWPFSOgL1vAH12O/8ciU5pG8w2HMvJD0JA84JWik+zbt8457KR/KnULRKTkT2IvEzUgRMlQ7hZ92N6JJyCRSQbRuuU6MXkoUcirYKN9ONIsJHZAeaxkqSci0l04uHtnHRunaQaRMSbQn6t+JlIRaD0PfdIYE+3reG4v/ea0Egwsv5TJOkEk6XRQkwsbIHr9vd7liFMXQEEIVN7fatE8UoWhCmtmCfPA0Mqm48xksknq55J6V3NvTYuUqyycHh3AEJ+DCOVTgBqpQAwoSXuAV3qxn6936sD6nrUtWNnMAM7C+fgH9jZfU</latexit>

�1 = n2

<latexit sha1_base64="bo5MPmEnn8ejyjr3Lr8hLEFewfE=">AAACAHicbVDLSgNBEOyNrxhfUY9eFoPgKeyIqBch6MVjBPOAZAmzk0kyZHZ2mekV4pKLn+BVP8CbePVPPPsjTpI9mMSChqKqm+6uIJbCoOd9O7mV1bX1jfxmYWt7Z3evuH9QN1GiGa+xSEa6GVDDpVC8hgIlb8aa0zCQvBEMbyd+45FrIyL1gKOY+yHtK9ETjKKVmm02EB1yTTrFklf2pnCXCclICTJUO8WfdjdiScgVMkmNaREvRj+lGgWTfFxoJ4bHlA1pn7csVTTkxk+n947dE6t03V6kbSl0p+rfiZSGxozCwHaGFAdm0ZuI/3mtBHtXfipUnCBXbLaol0gXI3fyvNsVmjOUI0so08Le6rIB1ZShjWhuC4rh09imQhYzWCb1szK5KJP781LlJssnD0dwDKdA4BIqcAdVqAEDCS/wCm/Os/PufDifs9ack80cwhycr19pMZbz</latexit>

�1 = 1

<latexit sha1_base64="RkNrIRL0b3JrhnZ9z6zKzVaNGAY=">AAACC3icbVDLSsNAFJ34rPWV6tJNsAiuSlJE3QhFEVxWsA9oY5lMJ+3QySTM3Cg17Sf4CW71A9yJWz/CtT/ipM3Cth64cDjnXu7heBFnCmz721haXlldW89t5De3tnd2zcJeXYWxJLRGQh7KpocV5UzQGjDgtBlJigOP04Y3uEr9xgOVioXiDoYRdQPcE8xnBIOWOmZh1A4w9AnmyfV4dCHuyx2zaJfsCaxF4mSkiDJUO+ZPuxuSOKACCMdKtRw7AjfBEhjhdJxvx4pGmAxwj7Y0FTigyk0m0cfWkVa6lh9KPQKsifr3IsGBUsPA05tpTjXvpeJ/XisG/9xNmIhioIJMH/kxtyC00h6sLpOUAB9qgolkOqtF+lhiArqtmS/ABk9j3Yoz38EiqZdLzmnJuT0pVi6zfnLoAB2iY+SgM1RBN6iKaoigR/SCXtGb8Wy8Gx/G53R1ychu9tEMjK9f2Kublg==</latexit>

|E| = n2

<latexit sha1_base64="ifId4i6A9sRPNNJorKONC+553tM=">AAACCXicbVDLSsNAFL2pr1ofrbp0M1gEVyURUTdCUQSXFewD2lAm02k7dDIJMxOhpvkCP8GtfoA7cetXuPZHnLRZ2NYDFw7n3Ms9HC/kTGnb/rZyK6tr6xv5zcLW9s5usbS331BBJAmtk4AHsuVhRTkTtK6Z5rQVSop9j9OmN7pJ/eYjlYoF4kGPQ+r6eCBYnxGsjdQtFScdH+shwTy+TSZXRinbFXsKtEycjJQhQ61b+un0AhL5VGjCsVJtxw61G2OpGeE0KXQiRUNMRnhA24YK7FPlxtPgCTo2Sg/1A2lGaDRV/17E2Fdq7HtmM02pFr1U/M9rR7p/6cZMhJGmgswe9SOOdIDSFlCPSUo0HxuCiWQmKyJDLDHRpqu5L5qNnhLTirPYwTJpnFac84pzf1auXmf95OEQjuAEHLiAKtxBDepAIIIXeIU369l6tz6sz9lqzspuDmAO1tcvneCa8g==</latexit>

|E| = n<latexit sha1_base64="U0kHOxsjusyUrlXhNq6cJNzzE8k=">AAACCnicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMURXBZwT6gDWUymbZDJw9mbgo1zR/4CW71A9yJW3/CtT/ipM3Cth64cDjnXu7huJHgCizr2yisrK6tbxQ3S1vbO7t75v5BQ4WxpKxOQxHKlksUEzxgdeAgWCuSjPiuYE13eJv5zRGTiofBI4wj5vikH/AepwS01DXNSccnMKBEJHfp5NrTUtmqWFPgZWLnpIxy1LrmT8cLaeyzAKggSrVtKwInIRI4FSwtdWLFIkKHpM/amgbEZ8pJpslTfKIVD/dCqScAPFX/XiTEV2rsu3ozi6kWvUz8z2vH0LtyEh5EMbCAzh71YoEhxFkN2OOSURBjTQiVXGfFdEAkoaDLmvsCfPiU6lbsxQ6WSeOsYl9U7IfzcvUm76eIjtAxOkU2ukRVdI9qqI4oGqEX9IrejGfj3fgwPmerBSO/OURzML5+AWdfm2A=</latexit>

|E| = dn

<latexit sha1_base64="bo5MPmEnn8ejyjr3Lr8hLEFewfE=">AAACAHicbVDLSgNBEOyNrxhfUY9eFoPgKeyIqBch6MVjBPOAZAmzk0kyZHZ2mekV4pKLn+BVP8CbePVPPPsjTpI9mMSChqKqm+6uIJbCoOd9O7mV1bX1jfxmYWt7Z3evuH9QN1GiGa+xSEa6GVDDpVC8hgIlb8aa0zCQvBEMbyd+45FrIyL1gKOY+yHtK9ETjKKVmm02EB1yTTrFklf2pnCXCclICTJUO8WfdjdiScgVMkmNaREvRj+lGgWTfFxoJ4bHlA1pn7csVTTkxk+n947dE6t03V6kbSl0p+rfiZSGxozCwHaGFAdm0ZuI/3mtBHtXfipUnCBXbLaol0gXI3fyvNsVmjOUI0so08Le6rIB1ZShjWhuC4rh09imQhYzWCb1szK5KJP781LlJssnD0dwDKdA4BIqcAdVqAEDCS/wCm/Os/PufDifs9ack80cwhycr19pMZbz</latexit>

�1 = 1<latexit sha1_base64="qWW4JWlC/Ze2SVVEaBk+6Ra+QdI=">AAACBnicbVDLSsNAFJ3UV62vqks3g0VwVZMi6kYounFZwT6gTctkMm2HTiZh5kaooXs/wa1+gDtx62+49kectFnY1gMXDufcy7kcLxJcg21/W7mV1bX1jfxmYWt7Z3evuH/Q0GGsKKvTUISq5RHNBJesDhwEa0WKkcATrOmNblO/+ciU5qF8gHHE3IAMJO9zSsBI3Q4d8p5zLbtJ5cyf9Iolu2xPgZeJk5ESylDrFX86fkjjgEmggmjdduwI3IQo4FSwSaETaxYROiID1jZUkoBpN5l+PcEnRvFxP1RmJOCp+vciIYHW48AzmwGBoV70UvE/rx1D/8pNuIxiYJLOgvqxwBDitALsc8UoiLEhhCpufsV0SBShYIqaSwE+ekpbcRY7WCaNStm5KDv356XqTdZPHh2hY3SKHHSJqugO1VAdUaTQC3pFb9az9W59WJ+z1ZyV3RyiOVhfvxLAmYc=</latexit>

�1 = n2/d

<latexit sha1_base64="ijlIUWqwuB0Y83tRgoxdtsWoqiI="></latexit>

�2 = 1
<latexit sha1_base64="ijlIUWqwuB0Y83tRgoxdtsWoqiI="></latexit>

�2 = 1

<latexit sha1_base64="ijlIUWqwuB0Y83tRgoxdtsWoqiI="></latexit>

�2 = 1<latexit sha1_base64="ijlIUWqwuB0Y83tRgoxdtsWoqiI="></latexit>

�2 = 1

How can we benefit the effective resistance?

<latexit sha1_base64="fPkJZr7n/giL3NGRANJXV/ek7bk=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcZpmYVsPDJw55x7u5XiJ4Aos69tYWl5ZXVsvbZQ3t7Z3ds29/aaKU0lZg8Yilm2PKCZ4xBrAQbB2IhkJPcFa3uB24reemFQ8jh5hmDA3JL2IB5wS0FLXPHSaTAJ27nXEJ/nn2u6aFatq5cCLxC5IBRWod80fx49pGrIIqCBKdWwrATcjEjgVbFx2UsUSQgekxzqaRiRkys3y68f4RCs+DmKpXwQ4V/8mMhIqNQw9PRkS6Kt5byL+53VSCK7cjEdJCiyi00VBKjDEeFIF9rlkFMRQE0Il17di2ieSUNCFzWwBPhiNdSv2fAeLpHlWtS+q9sN5pXZT9FNCR+gYnSIbXaIaukN11EAUjdALekVvxrPxbnwYn9PRJaPIHKAZGF+/HnucMw==</latexit>

k⇤k = 1

<latexit sha1_base64="fPkJZr7n/giL3NGRANJXV/ek7bk=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcZpmYVsPDJw55x7u5XiJ4Aos69tYWl5ZXVsvbZQ3t7Z3ds29/aaKU0lZg8Yilm2PKCZ4xBrAQbB2IhkJPcFa3uB24reemFQ8jh5hmDA3JL2IB5wS0FLXPHSaTAJ27nXEJ/nn2u6aFatq5cCLxC5IBRWod80fx49pGrIIqCBKdWwrATcjEjgVbFx2UsUSQgekxzqaRiRkys3y68f4RCs+DmKpXwQ4V/8mMhIqNQw9PRkS6Kt5byL+53VSCK7cjEdJCiyi00VBKjDEeFIF9rlkFMRQE0Il17di2ieSUNCFzWwBPhiNdSv2fAeLpHlWtS+q9sN5pXZT9FNCR+gYnSIbXaIaukN11EAUjdALekVvxrPxbnwYn9PRJaPIHKAZGF+/HnucMw==</latexit>

k⇤k = 1

<latexit sha1_base64="fPkJZr7n/giL3NGRANJXV/ek7bk=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcZpmYVsPDJw55x7u5XiJ4Aos69tYWl5ZXVsvbZQ3t7Z3ds29/aaKU0lZg8Yilm2PKCZ4xBrAQbB2IhkJPcFa3uB24reemFQ8jh5hmDA3JL2IB5wS0FLXPHSaTAJ27nXEJ/nn2u6aFatq5cCLxC5IBRWod80fx49pGrIIqCBKdWwrATcjEjgVbFx2UsUSQgekxzqaRiRkys3y68f4RCs+DmKpXwQ4V/8mMhIqNQw9PRkS6Kt5byL+53VSCK7cjEdJCiyi00VBKjDEeFIF9rlkFMRQE0Il17di2ieSUNCFzWwBPhiNdSv2fAeLpHlWtS+q9sN5pXZT9FNCR+gYnSIbXaIaukN11EAUjdALekVvxrPxbnwYn9PRJaPIHKAZGF+/HnucMw==</latexit>

k⇤k = 1

<latexit sha1_base64="pncLR7Ipgb5M5yqi1HSE4IqeoV4=">AAACDnicbVDLSsNAFJ34rPVVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QyeTMHMjtKH/4Ce41Q9wJ279Bdf+iNM2C9t6YODMOfdwL8dPBNdg29/W0vLK6tp6YaO4ubW9s1va22/oOFWU1WksYtXyiWaCS1YHDoK1EsVI5AvW9Pu3Y7/5xJTmsXyEQcK8iHQlDzklYKRO6dBtMAXYvTeRgEw+10Yu2xV7ArxInJyUUY5ap/TjBjFNIyaBCqJ127ET8DKigFPBRkU31SwhtE+6rG2oJBHTXja5foRPjBLgMFbmScAT9W8iI5HWg8g3kxGBnp73xuJ/XjuF8MrLuExSYJJOF4WpwBDjcRU44IpREANDCFXc3IppjyhCwRQ2swV4fzgyrTjzHSySxlnFuag4D+fl6k3eTwEdoWN0ihx0iaroDtVQHVE0RC/oFb1Zz9a79WF9TkeXrDxzgGZgff0CfvyccA==</latexit>

k⇤k = n


